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Introduction

This edition marks the 15th iteration of the Workshop on Computational Approaches to Subjectivity,
Sentiment and Social Media Analysis (WASSA), a crystal jubilee!
We can summarize the workshop as focusing on topics at the intersection of emotion, subjectivity, per-
suasion, and trust. Crystal is fragile, and many topics at this year’s WASSA can be situated within a
social or political context, reflecting the brittle state our world is in. Regarding methodologies, Large
Language Models (LLMs) prevail: as tools for simplification or for simulating social media users, as
synthetic data generators, and as an object of study. This year, WASSA also featured a Special Track on
Multilinguality and Social Bridges between High- and Lesser-Resourced Languages and Communities.
In the proceedings, one paper takes a truly multilingual approach to quantify social sentiment in ho-
stels. Only three papers do not mention English data at all, but instead focus on subjective tasks in Farsi,
emotion preservation when translating from Spanish to Basque, and assessing the capability of LLMs to
predict the emotional ratings of Russian words. Other languages that are being studied alongside English
are German, Danish, and Luxembourgish.

For the main workshop, we received 32 papers and 9 ARR commitments. From the direct submissions,
we accepted 17 (53%), and from ARR, another 6 (66%), bringing the total to 23 accepted papers. The
high quality of much of the work made the decision process difficult, as this year, WASSA is held as a
half-day workshop, reducing the room we had for accepted papers.

For our jubilee, we decided to award both a Best Paper and a Best Theme Paper Award. Starting with
the reviewer scores, the organizers of the workshop anonymously proposed candidates and then voted
on them. The winner of the Best Paper Award of this year’s WASSA is The Impact of Highlighting
Subjective Language on Perceived News Trustworthiness by Mohammad Shokri, Vivek Sharma, Emily
Klapper, Shweta Jain, Elena Filatova, and Sarah Ita Levitan. The winner of the Best Theme Paper Award
is Crowd-Based Evaluation of Emotion Intensity Preservation in Spanish–Basque Tweet Machine Tran-
slation by Nora Aranberri. Congratulations!

On top of the main workshop, we are happy to have José Camacho-Collados from the Cardiff NLP group
as our invited speaker. In his keynote he will discuss social media analysis in the language model era,
and this from an interdisciplinary perspective.

We would like to thank the EACL Organizers and Workshop chairs for their help and support during
the preparation. We also thank the OpenReview support team for their technical support. Finally, we
thank the program committee for the time and effort they spent on reviewing, especially to those who
were willing to perform emergency reviews. The quality of the program is a reflection of your hard work.

Finally, we would like to dedicate WASSA 2026 to Shabnam Tafreshi. Shab was one of the driving forces
behind many previous iterations of WASSA and the shared tasks on emotion and empathy prediction.

Jeremy Barnes, Valentin Barriere, Orphée De Clercq, Roman Klinger, Debora Nozza, Célia Nouri &
Pranaydeep Singh

WASSA 2026 Chairs

ii



Acknowledgements

This work is partially supported by the Basque Government (IXA excellence research group IT1570-
22) and the European Union under Horizon Europe (Project LUMINOUS, grant number 101135724).
Debora Nozza’s research is supported by the European Research Council (ERC) under the European
Union’s Horizon 2020 research and innovation program (grant agreement No. 101116095, PERSONAE).
Valentin’s work is partially funded by ANID grant Fondecyt de Iniciacion 11251024. Pranaydeep’s
work is supported by a BOF post-doctoral research fellowship (BOF.PDO.2025.0011.01) from Ghent
University.

iii



Organizing Committee

Program Chairs

Jeremy Barnes, University of the Basque Country UPV/EHU, Spain
Valentin Barriere, Universidad de Chile, Chile
Orphée De Clercq, Ghent University, Belgium
Roman Klinger, Otto-Friedrich Universität Bamberg, Germany
Debora Nozza, Bocconi University, Italy
Célia Nouri, INRIA and Sciences Po, France
Pranaydeep Singh, Ghent University, Belgium

iv



Program Committee

Reviewers

Gavin Abercrombie, Wazir Ali, Liesbeth Allein

Murali Balusu, Sivaji Bandyopadhyay, Delphine Battistelli

Jose Camacho-Collados, Alessandra Teresa Cignarella

Luna De Bruyne, Loic De Langhe, Quanqi Du

Natalia Evgrafova

Neele Falk, Pascale Feldkamp, Elena Filatova
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Keynote Talk
Social Media Analysis in the Language Model Era: An

Interdisciplinary Perspective
Jose Camacho-Collados

Cardiff University, UK
29 March, 2026 – Time: 14:30 – 15:30 – Room: SALLE Le Chellah

Abstract: Understanding what is going on in social media is not a simple task, even after the significant
progress in NLP in recent years. Given the specific nature of social media and the large amount of
content generated, efficient and specialised solutions are often necessary.
At the same time, language models, and in particular large generative language models (LLMs) are
currently ubiquitous across the NLP research landscape and beyond. However, it isn’t clear how to
effectively leverage them to process large amounts of unstructured data, such as the type usually found
on social media, especially for non-expert users. There are also additional challenges when processing
large amounts of text, such as ensuring transparency in the process and dealing with long context.
In this talk, I will explain my journey when it comes to social media analysis, from proposing efficient
solutions for tasks such as sentiment analysis, hate speech detection or emotion detection, to sharing tips
and lessons learned from interdisciplinary collaborations. I will try to revisit the importance of high-
quality data and reliable evaluation benchmarks in the current LLM landscape, and some recent results
suggesting promising areas for future research.

Bio: Jose Camacho-Collados is a UKRI Future Leaders Fellow and Professor at the School of Computer
Science of Cardiff University, where he co-founded the Cardiff Natural Language Processing group
(Cardiff NLP). Before joining Cardiff University, he completed his PhD in Sapienza University of Rome
and was a Google AI PhD Fellow.
Jose has worked in multiple NLP areas with a particular focus on semantics, multilinguality and com-
putational social science with an interdisciplinary perspective. In this area, he has been developing
specialised and efficient NLP models for social media applications, such as TweetNLP and related effor-
ts. His work has received several recognitions, including awards at top NLP conferences, or the 2023 AIJ
Prominent Paper Award. He is also the co-author of the “Embeddings in Natural Language Processing”
book.
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Johannes Schäfer, Janne Wagner and Roman Klinger . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

Exploring Subjective Tasks in Farsi: A Survey Analysis and Evaluation of Language Model
Donya Rooein, Flor Miriam Plaza-del-Arco, Debora Nozza and Dirk Hovy . . . . . . . . . . . . . . . . . . 83

Emotional Lexicons: How Large Language Models Predict Emotional Ratings of Russian Words
Polina V. Iaroshenko and Natalia V Loukachevitch. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .96

Emotion-aware text simplification of user generated content using LLMs
Anastasiia Bezobrazova, Daria Sokova and Constantin Orasan . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

Crowd-Based Evaluation of Emotion Intensity Preservation in Spanish–Basque Tweet Machine Tran-
slation

Nora Aranberri . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123

A Position Paper on Toxic Reasoning: Grounding Categories of Toxic Language in Implications and
Attitudes

Stefan F. Schouten, Ilia Markov and Piek Vossen . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134

Is Sentiment Banana-Shaped? Exploring the Geometry and Portability of Sentiment Concept Vectors
Laurits Lyngbaek, Pascale Feldkamp, Yuri Bizzoni, Kristoffer Nielbo and Kenneth Enevoldsen

146

Disentangling Emotion Understanding and Generation in Large Language Models
Sadegh Jafari, Els Lefever and Veronique Hoste . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 161

News Credibility Assessment by LLMs and Humans: Implications for Political Bias
Pia Wenzel Neves, Charlott Jakob and Vera Schmitt . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 172

Towards Simulating Social Media Users with LLMs: Evaluating the Operational Validity of Conditioned
Comment Prediction

Nils Schwager, Simon Münker, Alistair Plum and Achim Rettinger . . . . . . . . . . . . . . . . . . . . . . . . 208

viii



Label-Consistent Data Generation for Aspect-Based Sentiment Analysis Using LLM Agents
Mohammad Hossein Akbari Monfared, Lucie Flek and Akbar Karimi . . . . . . . . . . . . . . . . . . . . . 222

Antisocial Behavior Prediction: A Survey and Practical Guide
Anaı̈s Ollagnier . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 235

Real-Time Mitigation of Negative Emotion in Customer Care Calls
Surupendu Gangopadhyay and Mahnoosh Mehrabani . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 252

Says Who? Argument Convincingness and Reader Stance Are Correlated with Perceived Author Perso-
nality

Sabine Weber, Lynn Greschner and Roman Klinger . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 265

A Transformer and Prototype-based Interpretable Model for Contextual Sarcasm Detection
Ximing Wen and Rezvaneh Rezapour . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 278

Multimodal Claim Extraction for Fact-Checking
Joycelyn Teo, Rui Cao, Zhenyun Deng, Zifeng Ding, Michael Sejr Schlichtkrull and Andreas

Vlachos . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 289

A Multi-Aspect Evaluation Framework for Synthetic Data: Case Study on Irony and Sarcasm
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Council of LLMs: Evaluating Capability of Large Language Models to
Annotate Propaganda

Vivek Sharma1, Shweta Jain1,2, Mohammad Mahdi Shokri1,
Sarah Ita Levitan3,1, Elena Filatova4,1

1The Graduate Center, CUNY, 2John Jay College of Criminal Justice, CUNY,
3Hunter College, CUNY, 4New York City College of Technology, CUNY,

Abstract
Data annotation is essential for supervised natu-
ral language processing tasks but remains labor-
intensive and expensive. Large language mod-
els (LLMs) have emerged as promising alter-
natives, capable of generating high-quality an-
notations either autonomously or in collabo-
ration with human annotators. However their
use in autonomous annotations is often ques-
tioned for their ethical take on subjective mat-
ters. This study investigates the effectiveness
of LLMs in an autonomous, and hybrid an-
notation setups in propaganda detection. We
evaluate GPT and open-source models on two
datasets from different domains, namely, Pro-
paganda Techniques Corpus (PTC) for news
articles and the Journalist Media Bias on X
(JMBX) for social media. Our results show that
LLMs, in general, exhibit high recall but lower
precision in detecting propaganda, often over-
predicting persuasive content. Multi-annotator
setups did not outperform the best models in
single-annotator setting although it helped rea-
soning models boost their performance. Hy-
brid annotation, combining LLMs and human
input, achieved the highest overall accuracy
than LLM-only settings. We further analyze
misclassifications and found that LLM have
higher sensitivity towards certain propaganda
techniques like loaded language, name calling,
and doubt. Finally, using error typology analy-
sis, we explore the reasoning provided on mis-
classifications by the LLM. Our result shows
that although some studies report LLM outper-
forming manual annotations and it could prove
useful in hybrid annotation, its incorporation in
the human annotation pipeline must be imple-
mented with caution.

1 Introduction

Data annotation is a foundational task in natural
language processing (NLP), providing the ground
truth needed to train and evaluate supervised mod-
els. Traditionally, this task is performed by sub-
ject matter experts (SMEs) who follow detailed

guidelines to ensure consistency and accuracy. Due
to cost and time consideration the annotation pro-
cess is often scaled using crowdsourcing platforms
like Amazon Mechanical Turk and Prolific Fort
et al., Sabou et al.. These labels are typically fil-
tered and validated to produce high-quality “gold”
annotations to train NLP models.

Despite its importance, manual annotation re-
mains slow, expensive, and susceptible to annotator
fatigue, especially with large datasets. This can
lead to inconsistencies that degrade model perfor-
mance. In response, recent work has explored us-
ing large language models (LLMs), such as GPT-4
and GPT-4o, for annotation. These models have
shown promise in generating high-quality labels in
both hybrid settings, where human annotators re-
view LLM-generated suggestions and autonomous
settings, where models label data without human
intervention.

Hybrid annotation seeks to reduce human work-
load while preserving annotation quality. In con-
trast, fully automated annotation offers scalability
but raises concerns about bias, hallucination, and
the propagation of model-generated errors. While
LLMs continue to improve in performance and
alignment, questions remain about their reliability
and accountability in annotation workflows.

Though LLMs have been evaluated for tasks
like classification, summarization, and question an-
swering, their use as a multi-annotator annotator in
subjective tasks like propaganda detection remains
underexplored. Moreover, there is a lack of in-
depth exploration in their reasoning which can help
us understand the black-box nature of their analy-
sis. This paper addresses the gap in the context of
propaganda detection, a domain where language is
often subtle and context-dependent. It is easy for
annotators’ biases to impact labels in the data. In
contrast, LLMs can be engineered to act neutrally
and adhere to guidelines more strictly. We study
the difference in annotation accuracy compared to
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human-generated labels by measuring LLMs’ ca-
pability in single-annotator, multi-annotator, and
hybrid settings in an exhaustive comparison of the
latest GPT Achiam et al. and open-source models.
We evaluate LLMs using two datasets: the Propa-
ganda Techniques Corpus (PTC) (Martino et al.,
2020) for news articles and Journalist Media Bias
on X (JMBX) (Sharma et al., 2025a) for social
media content.

Through this study, we investigate the potential
of LLMs to perform annotation without human
supervision and evaluate the performance of multi-
annotator collaboration among LLMs, both quanti-
tatively and qualitatively. Specifically, we explore
the following research questions:

RQ1: Does hybrid annotation(human-LLM)
perform better in detecting propaganda than
automated LLM annotations? To what extent
does hybrid annotation (human–LLM) outperform
fully automated LLM annotation in detecting
propaganda?
RQ2: Do human–LLM disagreements cluster
around specific propaganda techniques, and if so,
which ones?
RQ3: Under what conditions, if any, does
consolidation in a multi-annotator setting match
or exceed single-annotator accuracy across text
domains (news vs. social media)?

Our results underscore shortcomings of multi-
annotator models and how consolidation perfor-
mance in adjudication depends on individual anno-
tators. Qualitatively, we find that while proprietary
and open-source LLMs often detect valid propa-
ganda patterns, they overgeneralize—especially in
informal social media contexts. Their behavior is
shaped by linguistic features as well as formatting
and tone, which can cause systematic mislabeling
without strong contextual grounding.

2 Related Work

LLM perform well on domain-specific annota-
tion tasks, including software engineering (Ahmed
et al., 2025). Beyond technical domains, Törnberg
shows GPT models can surpass expert annotators
and supervised classifiers in labeling political so-
cial media. These results suggest LLM annotations
can closely match human work. However, several
scholars warn of risks in social science annota-
tion workflows. LLMs are often viewed as black
boxes (Kristensen-McLachlan et al., 2023; Bender

et al., 2021), making their output difficult to inter-
pret and reproduce (Ollion et al., 2024). Moreover,
their training data can embed and amplify exist-
ing biases, such as gender stereotypes (Lucy and
Bamman, 2021). By contrast, human annotation
follows guidelines and quality controls to mitigate
such biases. Consequently, calls have been made
for standards for LLM-based annotations to ensure
reliability and transparency (Törnberg, 2024a,b).

Technical limitations constrain the efficacy of
LLMs by being prone to hallucination (Lin and
Zhang, 2025), over-confidence (Xiong et al.,
2023), and when annotations are wrong, often
produce explanations lacking coherence and suffi-
ciency (Wang et al., 2024). Prompt design can im-
prove annotation quality (Reiss, 2023), though oth-
ers find only marginal gains (Rytting et al., 2023;
Murugadoss et al., 2025). Societal risks persist: re-
moving human annotators can erase interpretive in-
sight and reinforce systemic bias (Das et al., 2024;
Abid et al., 2021; Wang et al., 2023), leading to
unfair outcomes and broader disparities (Dillion
et al., 2023).

To balance risks and benefits, hybrid workflows
let LLMs and humans collaborate across annota-
tion stages. LLMs may pre-process data, propose
labels, or validate human work. Lin and Zhang
(2025) position the LLM either as the main annota-
tor for large-scale tasks with humans verifying out-
put or as a secondary assistant when dataset sizes
are smaller. Several studies have experimented
with different hybrid configurations. Heseltine and
Clemm von Hohenberg (2024) use a three-phase
pipeline where the LLM labels twice, discrepancies
are reconciled, then a final model is trained. Hamil-
ton et al. (2024) introduce RhetAnn, a web tool that
aids annotators with LLM-generated explanations
for rhetorical techniques. Wang et al. (2024) adds
LLM explanations as supplementary guidance, ac-
celerating work while keeping humans in the loop.
Hasanain et al. (2023) shows LLMs can serve as
consolidators, roles usually for experts, achieving
strong propaganda span detection with detailed ra-
tionales. Kim et al. (2024) showed hybrid frame-
works improves quality and address scalability and
fatigue. Rouzegar and Makrehchi (2024) integrate
LLM uncertainty into active learning, switching
between human and machine annotators by confi-
dence thresholds.

As hybrids mature, fully automated annotation is
also examined. Hamilton et al. (2024) report GPT-4
matching human quality at one-tenth the cost with
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minimal manual labels. Törnberg (2023) finds that
ChatGPT outperforms crowdsourced annotators on
tweets. Not all agree: Gu et al. (2025) show au-
tomated LLMs beat TF-IDF methods yet remain
less reliable than experts. Golazizian et al. (2024)
combine RoBERTa-Large and LLama-3, gaining
4% F1 on hate speech with 50% of the budget and
2% on moral sentiment with 25% of costs. Sub-
ramaniam et al. (2025) proposed a self-refining
multi-annotator system that preserves diverse rea-
soning.

These studies show multi-annotator LLMs and
hybrid annotations can handle varied tasks with
mixed performance. However, none directly com-
pare single-annotator and multi-annotator models
on subjective tasks like propaganda detection. Such
a comparison helps assess performance differences
and reveal how LLMs behave in multi-annotator
settings. Grasping classification nuances is nec-
essary to interpret LLM reasoning, see where it
diverges from human annotation, and analyze that
process. This, in turn, helps prompt engineers re-
fine prompts and adjust model parameters for sub-
jective tasks. Our aim is not peak accuracy, but
to explore LLM performance across scenarios and
domains.

3 Experiment and Result

To evaluate LLM annotation in single-annotator,
multi-annotator, and hybrid setups, we run experi-
ments on two datasets: the Propaganda Techniques
Corpus (PTC) Martino et al. (2020) and the Journal-
ist Media Bias on X (JMBX) corpus Sharma et al.
(2025b). PTC provides sentence-level binary labels
for news articles, while JMBX contains annotated
tweets from journalists’ accounts associated with
biased outlets on X (formerly Twitter). From each
dataset, we sample 200 sentences with equal num-
bers of propaganda and non-propaganda instances.
The propaganda subset follows the natural distri-
bution of techniques in the original datasets. All
models, both GPT and open-source LLMs, are eval-
uated on the same sentences for consistency and
the reported performance is the average of three
runs on each setting.

In standalone setting, each model independently
performs binary classification (propaganda vs. non-
propaganda) at the sentence level. Using a prompt
that includes technique definitions by Martino et al.
(2020) (see Appendix B), the model is asked to
identify any technique(s) present. If a technique is

returned, the sentence is labeled as propaganda; if
none is returned, it is labeled as non-propaganda.
In a multi-annotator setting, each model first op-
erates as an independent annotator. In this stage,
the model labels every sentence with one or more
propaganda techniques and provides a brief justifi-
cation for each decision. These initial annotations
are generated in isolation, so no model has access
to the labels or rationales produced by any other
model.

In the second stage, each model is then anony-
mously presented with the full set of sentence-level
labels and justifications produced in the first stage
by all models, including its own. Using a consol-
idation prompt that includes the definitions of all
propaganda techniques, the model is instructed to
review these candidate labels and select a single
final label together with its accompanying justifica-
tion. Importantly, this consolidation step is framed
as a re-annotation and not as an aggregation proce-
dure

We replicate the same prompts and sentence sets
across proprietary GPT models and open-source
models on both PTC and JMBX to compare perfor-
mance across models and datasets.

The performance of LLMs in various configura-
tion is reported using standard metrics (Sokolova
and Lapalme, 2009): F1-score, precision and re-
call generally used in the studies. This analysis
is followed by qualitative analysis understanding
understanding the reasoning on misclassifications.

3.1 Automated annotations by LLM

3.1.1 GPT models

First, we evaluate the annotation performance of
three GPT models: GPT-4o (gpt-4o-2024-08-06),
GPT-4.1 (gpt-4.1-2025-04-14), and GPT-o3 (o3-
2025-04-16). These models are selected for their
diverse capabilities. GPT-4.1 for its proficiency in
complex reasoning, GPT-4o for its speed and bal-
anced performance, and GPT-o3 for its specialized
reasoning strengths simulating varied annotator ex-
pertise.1

Table 1 and Table 2 report performance on PTC
and JMBX datasets, respectively.

1https://platform.openai.com/docs/models
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Figure 1: Experiment to assess LLMs performance in annotating propaganda in an automated setting

Model P/R/F Consolidation P/R/F

GPT 4.1 0.77/0.74/0.74 0.78/0.71/0.70
GPT 4o 0.79/0.74/0.73 0.78/0.70/0.68
GPT o3 0.78/0.70/0.68 0.78/0.71/0.69

Table 1: Performance of GPT models in annotating PTC
dataset as a standalone system and as consolidator in a
multi-annotator setting

Model P/R/F Consolidation P/R/F

GPT 4.1 0.77/0.77/0.76 0.74/0.72/0.71
GPT 4o 0.77/0.77/0.76 0.74/0.71/0.71
GPT o3 0.73/0.71/0.70 0.77/0.74/0.73

Table 2: Performance of GPT models in classifying
JMBX dataset as a standalone system and as consolida-
tor in a multi-annotator setting

Our analysis shows that the flagship GPT mod-
els performed well in a single-annotator setup on
both datasets compared to the reasoning models.
However, their performance declined in the multi-
annotator setup, while the reasoning model(o3)
improved. This highlights that performance in a
multi-annotator setup depends on annotator quality:
when annotators perform poorly, they reduce the
consolidator’s effectiveness, even when the consol-
idator is instructed not to aggregate results but to
decide after careful analysis.

3.1.2 Open-source LLMs
We repeat the same experiments using open-source
LLMs: Qwen3-32B, QwQ-32B, and DeepSeek-R1

Llama 3.3 70B. The performance in standalone and
consolidator configurations is shown in Table 3
(PTC) and Table 4 (JMBX). The result shows a
similar pattern to the proprietary models. The rea-
soning model here, QwQ, performed well in the
multi-annotator setting, whereas the other two mod-
els performed better in the single-annotator setting
and the performance dipped due to a poor perfor-
mance of the reasoning model. This shows that
consolidation is only as good as the individual an-
notations in a multi-annotator setting.

Model P/R/F Consolidation P/R/F

Qwen3-32B 0.78/0.76/0.75 0.79/0.73/0.72
QwQ-32B 0.79/0.70/0.68 0.79/0.72/0.71
DeepSeek R1* 0.80/0.76/0.75 0.79/0.73/0.71

Table 3: Performance of open-source LLMs in an-
notating PTC dataset as a standalone system and as
consolidator.*DeepSeek-R1-Distill-Llama-70B

Model P/R/F Consolidation P/R/F

Qwen3-32B 0.70/0.70/0.70 0.71/0.69/0.69
QwQ-32B 0.70/0.65/0.63 0.72/0.69/0.67
DeepSeek R1* 0.70/0.69/0.68 0.68/0.66/0.65

Table 4: Performance of open-source LLMs in anno-
tating JMBX dataset as a standalone system and as
consolidator.*DeepSeek-R1-Distill-Llama-70B

Overall, open-source LLMs performed bet-
ter on news articles than on social media texts.
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Figure 2: Hybrid Annotation experiments

Among these, DeepSeek-R1 showed consistently
strong performance across tasks. Interestingly, the
reasoning-focused models (GPT-o3 and QwQ-32B)
had the weakest performance when used alone;
however, their scores improved in multi-annotator
setups, likely benefiting from the additional con-
textual input provided by other better-performing
models.

3.2 Hybrid annotation

To complete our evaluation, we conducted Experi-
ment 3, involving a hybrid setup with both human
and LLM collaborators. Because the JMBX dataset
includes annotations from two human annotators
and one human consolidator, it enabled us to sim-
ulate and compare mixed human–AI annotation
workflows.

In the first hybrid configuration, annotations by
human annotators were passed to LLM models
for final consolidation. The results are shown in
Table 5, revealing that hybrid setups outperformed
fully automated configurations.

Model
Consolidation

P/R/F
Class-wise P/R

P(prop), R(prop), P(non-prop),
R(non-prop)

GPT 4.1 0.79/0.79/0.78 0.76/0.83/0.81/0.74
GPT 4o 0.85/0.84/0.84 0.86/0.83/0.83/0.86
GPT o3 0.78/0.76/0.75 0.70/0.90/0.86/0.61

Table 5: Performance of hybrid setup (experiment A)
with GPT models as consolidators on the JMBX dataset.
P/R/F are weighted-averaged. The last column lists
class-wise P/R as (prop, non-prop).

Model
Consolidation

P/R/F
Class-wise P/R

P(prop), R(prop), P(non-prop),
R(non-prop)

Qwen3-32B 0.76/0.76/0.75 0.74/0.79/0.77/0.72
QwQ-32B 0.75/0.69/0.66 0.62/0.94/0.88/0.43
DeepSeek R1* 0.74/0.70/0.69 0.65/0.89/0.83/0.52

Table 6: Performance of hybrid setup (experiment
A) with open-source models as consolidators on the
JMBX dataset.*DeepSeek-R1-Distill-Llama-70B P/R/F
are weighted-averaged across classes. The last column
lists class-wise P/R as (prop, non-prop).

In a follow-up scenario, we replaced annota-
tions by one human annotator and human consol-
idator by LLMs, keeping only one human anno-
tation in the loop. GPT-4o acted as the consol-
idator and GPT-4.1 as the other annotator, while,
in a parallel open-source configuration, DeepSeek
R1 acted as the consolidator and Qwen3 as the
annotator. GPT-4o’s performance with preci-
sion/recall/F1 = 0.79/0.79/0.79, with class-specific
scores of 0.70/0.90 for propaganda and 0.86/0.61
for non-propaganda. As expected, the performance
dropped slightly compared to the previous hybrid
setup, but it still exceeded the GPT-4o model’s per-
formance in its standalone and consolidation roles
(see Table 2). A similar trend was observed with
the open-source models, where precision/recall/F1
was 0.75/0.74/0.74, with class-specific scores of
0.74/0.76 for propaganda and 0.75/0.73 for non-
propaganda.

4 Performance Analysis

To better understand model behavior and fail-
ure points, we analyze misclassifications across
both the propaganda and non-propaganda classes.
Specifically, we examine class-wise precision and
recall to identify which classes the models over-
predict or struggle to detect accurately. These de-
tailed metrics are shown in Appendix C Tables 7
through 10.

A consistent pattern across models is low preci-
sion and high recall for the propaganda class. This
indicates that models tend to over-predict propa-
ganda, often labeling neutral sentences as propa-
gandistic. Among the GPT models, performance
is generally stronger on social media text than on
news articles. Notably, GPT-4o performs partic-
ularly well on JMBX with balanced results: 0.78
precision and 0.73 recall for propaganda, and 0.75
precision and 0.80 recall for non-propaganda. This
suggests GPT-4o may be more attuned to the infor-
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Figure 3: Top Propaganda Techniques in false positive
by GPT models on PTC dataset

Figure 4: Top Propaganda Techniques in false positive
by GPT models on JMBX dataset

mal language styles common in social media.
Open-source LLMs show high recall but rel-

atively low precision for propaganda, mirroring
the aggressive classification pattern seen in GPTs.
Qwen3-32B, however, stands out with the most bal-
anced class-wise performance across both datasets.
For PTC, it achieves a precision of 0.70 and re-
call of 0.90 for propaganda, while also maintaining
relatively high scores for non-propaganda (0.86 pre-
cision, 0.61 recall). On the JMBX dataset, Qwen3-
32B remains strong and balanced, outperforming
other local models in non-propaganda recall.

Given the high false positive rate across models,
we examine the propaganda techniques where hu-
man–LLM disagreement was greater. Although a
full fine-grained analysis is beyond the scope of
this work, we used technique labels assigned by
the models in false-positive cases to inspect which
rhetorical patterns were overused.

As shown in Figures 3 and 4, “Loaded Lan-
guage” was the most common technique in mis-
classifications by GPT models. This suggests that
GPTs are highly sensitive to emotionally charged
or emphatic wording, even in non-propagandistic
sentences. The second most common techniques

Figure 5: Top Propaganda Techniques in false positive
by open source models on PTC dataset

Figure 6: Top Propaganda Techniques in false positive
by open source models on JMBX dataset

were “Name Calling” and “Doubt,” which may indi-
cate a bias toward detecting adversarial or skeptical
tones Martino et al.. On the JMBX dataset specifi-
cally, false positives frequently included “Slogans,”
likely triggered by tweet-formatting conventions
such as all caps or punchy phrases.

Open-source LLMs demonstrated similar trends.
As shown in Figures 5 and 6, “Loaded Language”
again appeared as the dominant technique in false
positives. However, these models also frequently
mislabeled sentences with “Causal Oversimplifi-
cation” and “Exaggeration or minimization” in-
dicating error patterns that differ from those of
the GPT models. These techniques often involve
broad generalizations or emotionally overstated
claims, which may be harder to contextualize with-
out deeper sentence-level understanding.

5 Qualitative Analysis of human-LLM
disagreements

Quantitative metrics are necessary but insufficient
when interpretive ambiguity and reasoning qual-
ity matter: a model may diverge from a gold label
yet offer a defensible rationale. Recent work by
Belinkov and Glass (2019) calls for qualitative an-
alyzes to expose such nuances and complement ag-
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gregate scores. Error-typology analysis, in particu-
lar, groups mismatches into cohorts to reveal failure
patterns, overreach, and reasonable disagreement,
and prior studies urge looking beyond fluent out-
puts to the quality of underlying reasoning (Narang
et al., 2020).

In this section, we run a structured qualitative
analysis of LLM–human disagreements, focusing
on prevalent false positives where GPT predic-
tions diverge from human gold labels across both
datasets. Our approach draws on behavioral testing
and cohort-based diagnostics (e.g., GLUE diagnos-
tics, NLI stress tests), where naming reproducible
error types supports targeted evaluation and debug-
ging.

Methodologically, we treat disagreement as sig-
nal, consistent with evidence that some conflicts
reflect genuine ambiguity rather than annotator er-
ror (Pavlick and Kwiatkowski, 2019). We group
mismatches into three categories by the interpre-
tive value of the LLM’s explanation: (i) Defen-
sible Divergences (reasonable alternate readings),
(ii) Overreaching Reasoning (technically plausi-
ble but contextually weak), and (iii) Unconvinc-
ing/Unsupported Reasoning (clear failures). This
reason-aware framing complements standard met-
rics and helps separate true model errors from in-
terpretive disagreements.

5.1 Defensible Divergence
In this case, the LLM prediction does not match
the gold label, but the reasoning depicts rhetori-
cal awareness and interpretive depth that makes
the label plausible. These are not errors in the
conventional sense, but alternative valid readings
of rhetorical cues. This category highlights a key
limitation of rigid gold labels and bias of human
subjects in subjective tasks.

Text:"What could possibly go wrong at Nor-
wich?

• LLM annotation: Propaganda(Doubt)

• Justification: The sentence ’what could pos-
sibly go wrong at Norwich?’ is utilizing the
technique of doubt by questioning the cred-
ibility or reliability of the situation or event
occurring at Norwich. It implies skepticism
about the outcome without providing specific
details or evidence, leading the audience to
question or doubt what might occur there.

The above example suggest that strict disagree-
ment with gold labels may underestimate the in-

terpretive capacity of LLMs, especially when the
model is attuned to subtle rhetorical stimulation.

5.2 Reasonable but Overreaching

In the following example, the LLM’s reasoning
follows the formal definition of a propaganda tech-
nique, but its application feels forced or contextu-
ally inappropriate. These mismatches reflect over-
generalization where the model applies technique
labels to rhetorical elements that are technically
present but not persuasive or manipulative in in-
tent.

Text:"As a firearms expert, he questioned the
lack of flashes coming from the hotel windows
where the shooter was supposedly firing from."

• LLM annotation: Propaganda(Appeal to Au-
thority, Doubt)

• Human annotation: Non-propaganda

• Justification: The sentence uses ’as a firearms
expert’ to give credibility to the speaker’s
claim; it also includes ’questioned the lack
of flashes’, which fits the doubt technique.

The example highlight how surface-level match
to technique definition can mislead models when
they are not grounded in pragmatic or discourse-
aware understanding.

5.3 Unconvincing or Unsupported Reasoning

In the final category, LLM neither aligns with the
gold label nor offers a compelling justification for
its choice. The model’s explanations rely heavily
on partial lexical cues or structural repetition, with-
out demonstrating real understanding of rhetorical
function or context. Here’s an example of model
failure.

Text:"Completing this poll grants you access to
Freedom Outpost updates free of charge."

• LLM annotation: Propaganda(Loaded Lan-
guage)

• Justification: The term ’freedom’ in ’Free-
dom Outpost’ carries a strong positive emo-
tional connotation, appealing to readers’ favor-
able feelings toward the concept of freedom.

This qualitative analysis reveals that not all mis-
matches are same. While some represent genuine
failures, others demonstrate defensible divergence
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or overgeneralization, both of which carry impli-
cations for how we should evaluate LLM perfor-
mance and question over-reliance on human anno-
tation as gold label for subjective task. These diver-
gences can prove its usefulness to extend human-
insights or question human’s decision in their an-
notation. Through this we aim to show the nuance
in model’s performance and show importance of
holistic perception in such task.

6 Conclusion

This study investigates LLMs for propaganda an-
notation in single annotator, multi-annotator, and
hybrid configurations. We test multiple proprietary
GPT models and open-source models (e.g., Qwen,
DeepSeek R1) on news and social media datasets to
evaluate annotation capability and identify failure
points.

LLM performance falls short of human accu-
racy. Human–LLM hybrids consolidated by GPT-
4o come closest to experts, followed by single-
annotator LLM. Multi-annotator LLMs perform
worst, with outcomes tied to the accuracy of the
consolidated individual annotations.

Most models show low recall for the non-
propaganda class, yielding many false positives.
To probe these errors, we analyzed techniques as-
signed in false positives. “Loaded Language” was
most overused, followed by “Name Calling” and
“Doubt”; open source models sometimes mapped
non-propagandistic content to “Causal Oversimpli-
fication.” This indicates high sensitivity to certain
techniques, so neutral content is often labeled ac-
cordingly.

Using an error typology, we categorized hu-
man–LLM disagreements into three groups based
on LLMs’ stated reasoning. These categories show
misclassifications are not equal, informing debates
on LLMs in annotation workflows and highlighting
both potential and limitations.

7 Limitations

While our experiments offer useful insights into
LLM capabilities for propaganda detection in stan-
dalone and multi-annotator settings, several lim-
itations remain. Our analysis centers on binary
classification. Although we include exploratory
technique-level analysis in our qualitative evalua-
tions, we do not perform full multi-label classifi-
cation. Consequently, the models’ ability to iden-
tify multiple propaganda spans within a single sen-

tence is underexplored. Additionally, the number
of sentences included in our evaluation is relatively
small due to budgetary and token-usage constraints,
which limited the scale of our experimental setup.
These limitations suggest several future directions:
larger-scale evaluations, fine-grained multi-label
annotation, iterative multi-annotator collaboration,
and human-in-the-loop verification.

8 Ethical Considerations

This study is limited to propaganda detection using
fixed definitions and task-specific prompts. A key
concern is bias in LLM training data, which may
influence annotation outcomes despite objective
definitions. While we did not evaluate bias directly,
its impact on reliability, especially in politically
or culturally sensitive contexts, warrants further
investigation.

We also caution against unsupervised pipelines
that use LLM-generated annotations as training
data. LLMs can hallucinate or misclassify ambigu-
ous inputs, which is problematic in high-stakes
domains. Mislabeling satire, dissent, or stylistic
variation as propaganda can have ethical conse-
quences in real-world deployments. Finally, while
LLMs can support or automate annotation, human
oversight remains essential, especially for consol-
idating judgments, handling edge cases, and en-
suring transparency and accountability. LLMs can
benefit further from human–LLM collaboration via
iterative feedback.
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A More Quantitative Analysis Examples

A.1 Defensible Divergence

Some other examples of defensible divergence in
the dataset are

• Text:"The unfortunate Dowden suffers from
memory loss."

– LLM annotation: Propaganda(Name
Calling / Labeling)

– Justification: The reasoning for select-
ing ’name calling or labeling’ is that the
sentence labels Dowden as ’unfortunate’
and suffering from ’memory loss’. The
use of ’unfortunate’ implies a negative
connotation, thus labeling Dowden in a
potentially undesirable way to influence
perceptions.

• Text:"Sorry, man—we’re not giving up cake
no matter the nuance."

– LLM annotation: Propaganda(Thought-
Terminating Cliché)

– Justification: The phrase ’no matter the
nuance’ suggests a refusal to consider
any complexities or nuances related to
the idea of giving up cake. This fits with
the definition of a thought-terminating
cliché, as it dismisses further discussion
or critical thought on the topic by sim-
plifying the decision to an absolute dis-
missal.

A.2 Reasonable but Overreaching
More examples of reasonable but overreaching
ones are

• Text:"While Democratize SSMU later apol-
ogized for the language and deleted it from
its site, the damage had already been done,
Boudreau concluded."

– LLM annotation: Propa-
ganda(Minimization or Exaggeration)

– Justification: The phrase ’the damage
had already been done’ uses minimiza-
tion or exaggeration to present the conse-
quences of the original language (which
was deleted and apologized for) as sig-
nificant and irreversible, possibly over-
stating the impact without providing evi-
dence for the extent of the damage.

• Text:"For those heavy into it, that’s their
thing, but it ain’t my thing."

– LLM annotation: Propaganda(Thought-
Terminating Cliché)

– Justification: The phrase is a generic
statement that simplifies the situation and
shuts down further discussion by accept-
ing others’ involvement without engag-
ing in deeper exploration or critique.
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A.3 Unconvincing or Unsupported Reasoning
• Text:"All they have to do is delay the confir-

mation until after the election."

– LLM annotation: Propa-
ganda(Oversimplification)

– Justification: The sentence implies that
a single, simple action—delaying the
confirmation—is sufficient to achieve
the desired outcome, thereby reducing a
complex political process with multiple
variables to one straightforward cause-
and-effect step

• Text:"Each Carmel has its own spirit, its own
tempo, its own feel."

– LLM annotation: Propaganda(Loaded
Language, Repetition)

– Justification: Words such as ’spirit’,
’tempo’, ’feel’, and the emotive notion
of a personal ’call to a specific Carmel’
carry spiritually charged connotations
meant to inspire or move the reader. The
phrase ’its own’ is repeated three times
to reinforce uniqueness.

B Prompt

Annotation prompt: "You are an annotator for a
neutral corporation that provides unbiased annota-
tion services. You remain impartial to any political
or ideological stance, such as left, right, or center.
Your task is to detect text-based propaganda objec-
tively, strictly adhering to the provided definition
without introducing any personal or ideological
bias."

Consolidation instruction: "You are a consol-
idator for a neutral corporation that provides un-
biased annotation after reading annotations and
reasoning by three annotators and definition of pro-
paganda techniques. You remain impartial to any
political or ideological stance, such as left, right,
or center. As a subject matter expert, your job is to
detect text-based propaganda, objectively, without
introducing any personal or ideological bias. As
an expert you are free to add or remove relevant or
irrelevant techniques respectively based on the def-
initions. The annotators have worked individually
based on the same definitions. Try to understand
the view of annotators but be critical in your judg-
ment before making the decision."

Definitions of rhetorical techniques: "Below is
a list of rhetorical techniques with their definitions:

• loaded language: Using words/phrases with
strong emotional implications (positive or neg-
ative) to influence an audience.

• name calling or labeling: Labeling the object
of the propaganda campaign as either some-
thing the target audience fears, hates, finds
undesirable or otherwise loves or praises.

• repetition: Repeating the same message over
and over again, so that the audience will even-
tually accept it.

• exaggeration or minimization: Either repre-
senting something in an excessive manner:
making things larger, better, worse.

• doubt: Questioning the credibility of someone
or something. - appeal to fear/prejudice: Seek-
ing to build support for an idea by instilling
anxiety and/or panic in the population towards
an alternative, possibly based on preconceived
judgments.

• flag-waving: Playing on strong national feel-
ing (or with respect to a group, e.g., race, gen-
der, political preference) to justify or promote
an action or idea.

• causal oversimplification: Assuming one
cause when there are multiple causes behind
an issue. We include scapegoating as well
which is defined as the transfer of the blame
to one person or group of people without in-
vestigating the complexities of an issue.

• slogans: A brief and striking phrase that may
include labeling and stereotyping.

• appeal to authority: Stating that a claim is true
simply because a valid authority/expert on the
issue supports it, without any other supporting
evidence. Include the special case where the
reference is not an authority/expert,although
it is referred to as testimonial in the literature.

• black-and-white fallacy: Presenting two alter-
native options as the only possibilities, when
in fact more possibilities exist, eliminating
any other possible choice. and as an extreme
telling the audience exactly what actions to
take, which is also called as dictatorship.

• thought-terminating cliche: Words or phrases
that discourage critical thought and meaning-
ful discussion about a given topic. They are

11



typically short, generic sentences that offer
seemingly simple answers to complex ques-
tions or that distract attention away from other
lines of thought.

• whataboutism: Discredit an opponent’s posi-
tion by charging them with hypocrisy without
directly disproving their argument.

• reductio ad hitlerum: Persuading an audience
to disapprove an action or idea by suggesting
that the idea is popular with groups hated in
contempt by the target audience. It can re-
fer to any person or concept with a negative
connotation.

• red herring: Introducing irrelevant material to
the issue being discussed, so that everyone’s
attention is diverted away from the points
made.

• bandwagon: Attempting to persuade the tar-
get audience to join in and take the course of
action because “everyone else is taking the
same action”.

• obfuscation/intentional vagueness/confusion:
Using deliberately unclear words, so that the
audience may have its own interpretation."

C Performance Analysis -
Precision/Recall

The following table shows the class-wise preci-
sion and recall of both propaganda and non pro-
paganda class as Precision(propaganda), recall
(propaganda), precision (non-propaganda), and
recall(non-propaganda). These tables shows the
per-class performance of P/R/F results shown in
Table 1– 4.

Table 7

Model
PTC

P/R (prop, non-prop)
JMBX

P/R (prop, non-prop)

GPT 4.1 0.68/0.91/0.87/0.58 0.75/0.79/0.78/0.74
GPT 4o 0.68/0.94/0.90/0.55 0.78/0.73/0.75/0.80
GPT o3 0.64/0.96/0.92/0.45 0.66/0.86/0.80/0.56

Table 7: GPT model performance across precision and
recall for propaganda and non-propaganda classes on
PTC and JMBX datasets. Values are Precision/Recall
shown as (prop, non-prop).

The following table 8shows per-class precision
and recall for GPT models as consolidators in a
multi-annotator setting.

Model
PTC

P/R (prop, non-prop)
JMBX

P/R (prop, non-prop)

GPT 4.1 0.64/0.96/0.92/0.47 0.67/0.86/0.81/0.58
GPT 4o 0.63/0.97/0.93/0.43 0.66/0.88/0.82/0.55
GPT o3 0.64/0.96/0.92/0.46 0.68/0.90/0.85/0.58

Table 8: GPT model performance across precision and
recall for propaganda and non-propaganda classes on
PTC and JMBX datasets. Values are Precision/Recall
shown as (prop, non-prop).

The following table for open source model per
class precision and recall.

Model
PTC

P/R (prop, non-prop)
JMBX

P/R (prop, non-prop)

Qwen3-32B 0.70/0.90/0.86/0.61 0.72/0.67/0.69/0.73
QwQ-32B 0.63/0.97/0.94/0.44 0.60/0.90/0.80/0.40
DeepSeek R1 0.68/0.95/0.92/0.56 0.65/0.81/0.75/0.56

Table 9: Open-source LLMs performance across pre-
cision and recall for propaganda and non-propaganda
classes on PTC and JMBX datasets. Values are Preci-
sion/Recall shown as (prop, non-prop).

The following table 8shows per-class precision
and recall for GPT models as consolidators in a
multi-annotator setting.

Model
PTC

P/R (prop, non-prop)
JMBX

P/R (prop, non-prop)

Qwen3-32B(c) 0.66/0.95/0.91/0.52 0.66/0.81/0.75/0.58
QwQ-32B(c) 0.65/0.96/0.92/0.49 0.63/0.89/0.81/0.48
DeepSeek R1(c) 0.66/0.96/0.93/0.50 0.62/0.83/0.74/0.49

Table 10: Open-source LLMs performance across pre-
cision and recall for propaganda and non-propaganda
classes on PTC and JMBX datasets. Values are Preci-
sion/Recall shown as (prop, non-prop).
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Abstract

Emoji reactions are a frequently used feature
of messaging platforms, yet their communica-
tive role remains understudied. Prior work on
emojis has focused predominantly on in-text
usage, showing that emojis embedded in mes-
sages tend to amplify and mirror the author’s
affective tone. This evidence has often been
extended to emoji reactions, treating them as
indicators of emotional resonance or user senti-
ment. However, they may reflect broader social
dynamics. Here, we investigate the communica-
tive function of emoji reactions on Telegram.
We analyze over 650k crypto-related messages
that received at least one reaction, annotating
each with sentiment, emotion, persuasion strat-
egy, and speech act labels, and inferring the
sentiment and emotion of emoji reactions using
both lexicons and LLMs. We uncover a sys-
tematic mismatch between message and reac-
tion sentiment, with positive reactions dominat-
ing even for neutral or negative content. This
pattern persists across rhetorical strategies and
emotional tones, indicating that emojis used
as reactions do not reliably function as indi-
cators of emotional mirroring or resonance of
the content, in contrast to findings reported for
in-text emojis. Finally, we identify the features
that most predict emoji engagement. Overall,
our findings caution against treating emoji reac-
tions as sentiment labels, highlighting the need
for more nuanced approaches in sentiment and
engagement analysis.

1 Introduction

Emoji reactions are a central feature of digital plat-
forms, enabling users to respond quickly and visu-
ally to content. While much research has focused
on in-text emojis (i.e., linguistic elements embed-
ded within authored messages), emoji reactions
(i.e., reactions appended by readers as lightweight
feedback mechanisms), remain comparatively un-
derexplored. Yet they are equally revealing, as they

are instantaneous, costless, and a quick way to inter-
act with content without composing a reply. More-
over, while prior work has examined in-text emojis,
showing they amplify sentiment (Shiha and Ayvaz,
2017), improve sentiment classification (Liu et al.,
2021), and provide emotional nuance (Lou et al.,
2024; Khan et al., 2025), this understanding has
also been implicitly extended to emoji reactions,
which have been used as proxies for emotional
labels in distant supervision settings (Pool and Nis-
sim, 2016; Plaza Del Arco et al., 2018; Raad et al.,
2018). However, recent work suggests that emoji
reactions may instead express pragmatic or social
meanings, such as to approve or normalize toxic
discourse (Morales et al., 2025).

Building on this idea, we provide the first large-
scale study examining whether emoji reactions ac-
tually reflect emotional resonance, an assumption
often implicitly adopted when reactions are used
as proxy labels in sentiment analysis. To do so, we
investigate the communicative function of emoji re-
actions on Telegram, a messaging platform widely
used for news, politics, and activism. On Telegram,
emoji reactions are publicly visible and frequently
used, making them a rich signal of collective re-
sponse. In detail, we analyze over 650k crypto-
related Telegram messages and their associated
emoji reactions. We combine large-scale emotion
classification with rhetorical analysis to examine
the alignment between message tone and reaction
type. In particular, we address three research ques-
tions:

• RQ1: Do emoji reactions align with the senti-
ment expressed in the original message?

• RQ2: Do emoji reactions reflect the emotional
tone of the original message, creating emo-
tional resonance?

• RQ3: Which message features predict emoji
reactions?
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We adopt a mixed-methods approach to examine
messages and their reactions across multiple dimen-
sions, including sentiment, emotional tone, persua-
sion strategy, and speech act. We find that posi-
tive emoji reactions dominate, even in response to
messages that are emotionally neutral or negative.
This consistent mismatch holds across rhetorical
strategies and emotional categories, suggesting a
pragmatic function for some emoji reactions, more
closely tied to social approval or support than to
shared emotional resonance. Finally, we show that
certain rhetorical strategies are strong predictors
of emoji engagement, and that emotionally neutral
or negative messages tend to attract more emoji
reactions overall. Our contributions are manifold:

• We provide the first large-scale analysis of
emoji reactions on Telegram to determine
whether they distort or amplify emotional
alignment.

• We conduct our analysis on a large dataset
of 650k crypto-related Telegram channels, a
domain characterized by strong community
identity and high engagement, where in-text
emojis are known to play a meaningful role
in shaping financial sentiment (Mahrous et al.,
2023; Zuo et al., 2024), while emoji reactions
remain largely unexplored.

• We show a consistent misalignment between
message sentiment and emoji reactions, indi-
cating that, unlike in-text emojis, reactions do
not reliably act as emotional mirroring.

• We identify specific message features, such as
emotional framing or persuasive tactics, that
predict user engagement in terms of emoji
reactions.

Our findings suggest that emoji reactions are
not reliable proxies for sentiment content, as they
weakly mirror or resonate with the emotion evoked
by the message. Together, these results challenge
the assumption that emoji reactions reliably reflect
emotional response, as commonly observed for in-
text emojis. These patterns should also be inter-
preted in light of Telegram’s specific communica-
tive context, where community norms may shape
reaction behavior. More broadly, these findings
have important implications for research on mis-
information, particularly in political and financial
contexts, where reaction-based signals can be in-

terpreted as indicators of emotional resonance or
public sentiment.

2 Related work

Emojis have been extensively studied as markers
of affective communication in digital discourse.
Early work recognized their role as nonverbal cues
that supplement text with emotional tone (Miller
et al., 2016; Kralj Novak et al., 2015), and many
researchers treated them as reliable proxies for emo-
tion. Subsequent studies showed that emojis can
amplify sentiment in social media messages (Shiha
and Ayvaz, 2017). Other research found that in-
corporating emojis as features can significantly im-
prove sentiment classification accuracy (Liu et al.,
2021). More recent work highlighted how emojis
provide emotional context in posts highlighting the
role of emojis as emotional indicators (Lou et al.,
2024; Zhou et al., 2025). Similar work showed
that emojis play a vital role in sentiment expres-
sion, often conveying more explicit and nuanced
information than the text alone (Khan et al., 2025).
As a result, datasets such as the one introduced
by Kralj Novak et al. (2015), which assign senti-
ment scores to individual emojis based on crowd-
sourced annotations, have been widely used for
downstream sentiment classification. Similarly, the
DeepMoji model (Felbo et al., 2017) was trained
on large-scale Twitter data labeled with emojis in
order to learn emotional representations, relying
on the assumption that emoji usage reflects the au-
thor’s emotional intent.

This assumption has been extended to emoji re-
actions, i.e., predefined emoji responses users can
select to express a reaction to content on platforms
such as Facebook. These reactions have often
been interpreted as ground truth labels for emotion
classification tasks (Pool and Nissim, 2016; Plaza
Del Arco et al., 2018; Raad et al., 2018), enabling
models to learn emotion categories from reaction
distributions. However, more recent studies cau-
tion against this approach. Graziani et al. (2019)
observed that reactions can be semantically am-
biguous or perform multiple pragmatic functions.
Paolillo (2023) noted that reactions can operate not
only as affective signals but as interactional cues,
marking approval, affiliation, or irony depending
on context.

Our work extends these critiques by examining
emoji reactions on Telegram, a platform where re-
actions are public, optional, and highly community-
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driven. Unlike prior research that treats emoji re-
actions as emotional response, we find systematic
mismatch between the sentiment expressed in a
message and the sentiment inferred from emoji re-
actions. Messages with negative or neutral tone
frequently receive positive emoji reactions, such as
the thumb up or love emoji. This suggests that reac-
tions function more as social endorsement than as
expressions of shared affect. The result challenges
the methodological practice of using reaction emo-
jis as emotional supervision signals, at least in en-
vironments where group identity and approval play
a stronger role than emotion mirroring.

On a similar line, recent work (Morales et al.,
2025) explored how emoji reactions are used in
toxic versus non-toxic contexts on Telegram, show-
ing that even toxic comments often receive positive
emoji reactions, signaling approval or normaliza-
tion of harmful content. Our findings complement
and generalize this pattern: while they focused
specifically on toxicity, we observe that positive
reaction bias holds across a broader range of com-
municative intentions, including persuasive tactics,
emotional tone, and speech acts. Moreover, while
our results do not exclude the possibility of emo-
tional mirroring, they suggest that social signaling
frequently overrides it in practice.

Further, prior work on emotional dynamics in
engagement showed that emotionally charged con-
tent tends to propagate faster (Vosoughi et al.,
2018), and that moral-emotional language in-
creases virality within ideologically homogeneous
groups (Brady et al., 2017). Our findings comple-
ment this literature by showing that the type of emo-
tional response conveyed through reactions is not
always aligned with message tone, and instead may
reinforce in-group signaling mechanisms. This dis-
tinction between emotion expression and interac-
tional feedback is especially relevant for studying
engagement in polarized or activist spaces, where
affective reactions might serve to signal allegiance
more than to reflect emotional resonance.

By focusing on Telegram, which remains com-
paratively understudied despite its growing role in
political and financial discourse and in information
diffusion, we contribute new evidence on commu-
nication dynamics within this platform. In fact,
while recent studies have examined toxicity (Alvisi
et al., 2025b,a) and misinformation (Urman and
Katz, 2022; Alvisi et al., 2024) on Telegram, as
well as their association with emoji usage (Morales
et al., 2025), the communicative function of emoji

reactions remains largely unexplored, a gap that we
address in the present study.

3 Dataset

We construct our dataset by collecting Telegram
channels listed on TGStat1, a third-party analyt-
ics platform that indexes and categorizes public
channels by topic, language, and popularity. From
this source, we select channels related to the cryp-
tocurrency topic, as it is an area where emojis are
known to play a meaningful role in shaping finan-
cial sentiment (Mahrous et al., 2023; Zuo et al.,
2024). We collect those English-language channels
with at least 5,000 subscribers, resulting in an ini-
tial sample of 20,695 channels. For each channel,
we retrieve all publicly available messages posted
between January and December 2024. The dis-
tribution of messages follows a long-tail pattern
consistent with a power-law distribution, where a
small number of channels account for the majority
of messages.

Since our analysis focuses on messages that re-
ceived at least one emoji reaction, we further filter
the dataset accordingly. In particular, we retain
only messages that include at least one standard
(default) emoji reaction, excluding custom emojis,
which may be enabled depending on channel set-
tings. After this filtering, the final dataset consists
of 647,879 messages from 993 channels.

4 Methods

We analyze Telegram messages using a multi-stage
pipeline that combines NLP-based linguistic anno-
tation with behavioral cues derived from user re-
action data (i.e., emoji-based reactions). First, we
automatically annotate each message with linguis-
tic features, including sentiment, persuasion strate-
gies, emotion, and speech act categories. Then,
we automatically label the emoji reactions to infer
both their sentiment polarity and emotional content.
This allows capturing both linguistic content and
social responses.

Message Annotation We enrich each Telegram
message with linguistic and psychological features
through automatic labeling using multiple classifi-
cation layers. For each annotation task, although
multiple labels may co-occur within a single mes-
sage, we adopt a single-label (multiclass) formu-

1https://tgstat.com/
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lation and retain only the highest-scoring label re-
turned by each classifier.

• Persuasion strategies: We detect rhetorical
appeals of each message (e.g., emotion, au-
thority, scarcity, social proof, fear, popular-
ity, logic, reciprocity, fear of missing out)
plus a neutral and a no persuasion categories
using the valhalla/distilbart-mnli-12-1 zero-
shot model (Valhalla, 2020) and the taxonomy
by Qachfar and Verma (2023).

• Emotion analysis: We assign each message
an emotion from (Plutchik, 1994)’s taxonomy
using the bhadresh-savani/bert-base-uncased-
emotion model (Savani, 2021).

• Sentiment analysis: We label mes-
sages as positive, neutral, or negative
using cardiffnlp/twitter-roberta-base-
sentiment (CardiffNLP, 2021), widely
adopted in computational social sci-
ence (Jahin et al., 2024).

• Speech acts: We classify messages as as-
sertives, directives, commissives, expressives,
and declarations based on Searle (1969) tax-
onomy (Jegede, 2024; Saha et al., 2020) us-
ing the valhalla/distilbart-mnli-12-1 zero-shot
model (Valhalla, 2020).

Emoji Reaction Interpretation We infer the
emotional and affective content of reactions using
two complementary methods:

• Emoji sentiment score: We use the emoji sen-
timent lexicon (Kralj Novak et al., 2015)2,
which assigns each emoji a polarity (−1,
0, +1). For each message, we compute a
weighted average score (−1 to +1) based
on reaction frequencies, then map it to posi-
tive (≥ 0.2), negative (≤ −0.2), or neutral,
as done in prior work (Chifu et al., 2015;
Chaithra et al., 2019) showing that defining a
neutral range around zero reduces label noise
and improves the robustness of downstream
sentiment analyses. This mapping allows us to
assign a discrete sentiment label to the emoji
reaction set for each message.

• LLM-based emoji emotion: We prompt Ope-
nAI GPT-4o model with the list of reaction

2https://www.clarin.si/repository/xmlui/
handle/11356/1048

Figure 1: Message sentiment vs emoji reactions senti-
ment. Positive emoji reactions dominate independently
of message sentiment.

emojis to assign an emotion from Plutchik
(1994)’s taxonomy (coarse analysis) or a fine-
grained emotional label, allowing for more
nuanced and free interpretation beyond the
core categories. In this way, we can also as-
sign each message the emotion of its most
frequent reaction emoji.

Predictive Modeling and Feature Interpretation
We investigate which aspects of a message predict
its likelihood of receiving a large number of emoji
reactions. We frame the task as a binary classifi-
cation problem. We train a binary Random For-
est classifier (Breiman, 2001) with 28 features to
distinguish between “high engagement” posts and
“low engagement” ones, using the median number
of emoji reactions as threshold. The 28 features
correspond to the automatically inferred linguistic
attributes described above (i.e., sentiment, emotion,
persuasion strategy, and speech act), encoded as
categorical features. While the classification task
is not the core goal, this predictive setup allows
us to quantify the impact of individual message-
level features. To understand the contribution of
each feature to engagement, we leverage SHAP, a
game-theoretic method that has become standard in
explainable AI (Lundberg and Lee, 2017). SHAP
assigns each feature a local importance score for
every prediction, allowing us to rank linguistic and
emotional cues according to their predictive power,
as done in multiple related social media analysis
tasks (Gambini et al., 2024; Tessa et al., 2025).

5 Results

5.1 RQ1 - Alignment of emoji reactions with
sentiment

In Figure 1 we compare the sentiment conveyed in
the message with the sentiment of the emoji reac-
tions it receives. The majority of messages, regard-
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(a) Message sentiment vs emoji reactions sentiment, for dif-
ferent persuasive strategies. Most strategies show a consistent
shift toward more positive sentiment in reactions. Sentiment
distributions in messages and reactions differ significantly
across all persuasion strategies (Chi-squared test, p < 0.001),
revealing a systematic misalignment.

(b) Message sentiment vs emoji reactions sentiment, for dif-
ferent emotions. Negative emotions (e.g., sadness, disgust)
receive positive reactions. Sentiment distributions in mes-
sages and reactions differ significantly across all emotions
(Chi-squared test, p < 0.001).

Figure 2: Sentiment shift from messages to reactions by persuasion strategy (left) and emotion category (right).

less of whether they express positive, neutral, or
negative sentiment, receive predominantly positive
reactions. For instance, over 84% of negative and
neutral messages are met with positive emoji sen-
timent, with less than 0.3% of negative messages
receiving negative emoji feedback. This suggests a
systematic mismatch between the emotional tone
of the message and the sentiment expressed in the
reactions, an inconsistency in line with previous
work on other platforms (Wang et al., 2023).

To further explore this phenomenon, in Figure 2
we break down the analysis by persuasion strat-
egy and emotion detected in the message. In both
cases, we plot the delta in sentiment, that is, the
sentiment shift computed as the difference between
the sentiment score of the original message and the
weighted average sentiment score of the emoji re-
actions it received. These differential heatmaps re-
inforce the pattern we previously observed. While
the original sentiment expressed in messages spans
a wide range, the received sentiment, as inferred
from emojis, is skewed toward positive or neutral
categories. This suggests a general positivity bias
in emoji usage, potentially reflecting users’ prefer-
ence for agreement, support, or acknowledgment
over dissent.

In Figure 2a, this effect holds across most persua-
sive strategies. Techniques like appeal to fear, fear
of missing out, and scarcity, which typically rely
on negatively framed content, still elicit predomi-
nantly positive emoji reactions, with net sentiment
shifts exceeding +70%. However, the magnitude

of this shift varies across strategies. For instance,
techniques such as reciprocity, fear of missing out,
or appeal to emotion show more balanced distribu-
tions, with a smaller difference between message
tone and reaction sentiment. This suggests that
not all forms of persuasion equally trigger endorse-
ment, and that emotional proximity between mes-
sage and reaction may play a role in moderating
the shift. A similar pattern emerges in Figure 2b,
where messages expressing sadness, disgust, or
fear are still met with disproportionately positive
reactions. However, the shift is not uniform, as
messages labeled with joy or surprise show only
modest changes, indicating that positive messages
are not necessarily amplified through emoji reac-
tions. Interestingly, this tendency is especially ev-
ident in response to emotionally neutral content,
where reactions may reflect a desire to affirm or
engage with others, convey presence, support, or
as a form of interpersonal acknowledgment.

5.2 RQ2 - Emoji reactions and emotional
resonance

While RQ1 revealed a tendency for messages to
receive positive emoji reactions regardless of their
sentiment, the analysis was based on a coarse-
grained polarity framework (positive, neutral, neg-
ative). To better understand which emotions drive
this misalignment, RQ2 shifts focus from sentiment
to discrete emotion categories. We ask whether
certain emoji reactions systematically distort align-
ment with the emotional tone of the message, and
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whether removing them improves interpretability.
Specifically, we hypothesize that emoji reactions
are not always used to mirror the emotional tone
of a message, but instead often serve as signals of
social approval, engagement, or banter. To evaluate
this, we measure how often the emotion of the mes-
sage appears among the top-ranked emoji reactions.
In other words, we compute the percentage of mes-
sages where the top-ranked emoji reaction shares
the same emotion category as the message itself.
To assess the impact of individual emoji reactions,
we perform an ablation analysis. We remove one
emotion at a time from the reaction distribution and
we re-calculate the top-ranked emoji reaction. If
removing a specific emotion significantly increases
the number of matches (i.e., if it makes the dom-
inant emoji reaction more likely to align with the
emotion of the message), we interpret that category
as disruptive to emotional alignment (i.e., the re-
moved reaction was often selected even when it
did not match the emotional tone of the message).
Figure 3 presents the relative change in alignment
match after removing each emoji reaction category,
grouped by the emotion label of the message. Each
cell shows the percentage change in the proportion
of messages where the emotion of the top-ranked
emoji matches the emotion of the message. Statis-
tically significant changes, defined as those with
a standardized effect size (Cohen’s h) ≥ 0.2, are
marked with an asterisk. Cohen’s h quantifies the
magnitude of difference between proportions be-
fore and after ablation, providing an interpretable
measure of effect strength beyond percentages.

As expected, the lowest scores appear along
the diagonal, where the removed emoji category
matches the labeled emotion of the message. In
fact, removing the correct category naturally low-
ers alignment, simply because it eliminates true
matches. In these cases, the drop does not indi-
cate interference from other emotions, but simply
reflects the expected loss in alignment from remov-
ing the correct category. The main takeaway from
our results is that removing joy consistently leads
to large and statistically significant improvements
in alignment, especially for messages labeled as
sadness, neutral, surprise, and fear. In contrast,
removing other reaction emotions has minimal im-
pact. For instance, while removing surprise reac-
tions results in a large relative increase in matches
for disgust messages (i.e., +125%), the number of
messages labeled with disgust is very small, mak-
ing this effect statistically negligible.

Figure 3: Percentage change in alignment between mes-
sage emotions and top emoji reactions after removing
each emotion. Removing joy leads to large and statisti-
cally significant improvements.

The consistent improvement in alignment when
joy reactions are removed suggests that these emo-
jis are often used even when they do not match
the emotional tone of the message. Unlike other
categories, joy appears to systematically distort
emotional alignment, pointing to a distinct func-
tional role. Rather than reflecting shared affect,
joy reactions may serve pragmatic or social pur-
poses, such as signaling encouragement, approval,
banter, or support, regardless of the emotional con-
tent of the message. The disruptive effect of joy,
revealed through targeted ablation, highlights its
unique communicative function in digital contexts,
one that is orthogonal to emotional resonance.

Our previous analysis relied a binary metric:
whether the top-ranked emoji reaction matched the
emotion expressed in the message. While this pro-
vides an intuitive signal of alignment, it reduces
the full distribution of emoji reactions to a binary
outcome. To capture a more nuanced and robust
measure of alignment, we compute the cosine sim-
ilarity between the distribution of emoji reaction
emotions and the message emotion represented as
a one-hot vector. This allows us to detect subtle
changes in alignment, not just categorical shifts.
Unlike the previous binary approach, cosine simi-
larity reflects the degree to which the overall emo-
tional tone of emoji reactions matches the intended
emotion of the message, making it more sensitive
and interpretable. This is particularly important
when testing whether the presence of specific emoji
emotions obscures rather than reflects affective res-
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Figure 4: Percentage of messages with improved align-
ment after removing each emoji reaction emotion. Joy
most frequently obscures alignment between message
and reaction tone.

onance. To identify which emotions most affect
this alignment, we systematically removed each
emotion category from the emoji distribution and
measured the resulting change in cosine similar-
ity (∆). A negative effect indicates that removing
the emotion improves alignment, suggesting that its
presence may distort the emotional signal conveyed
by emoji reactions.

Among all categories, joy produced the most
pronounced negative effect (∆ = −0.107), fol-
lowed by surprise, with a much smaller change
(∆ = −0.006). Other emotions, such as disgust
(∆ = −0.0007), had negligible impact. This sug-
gests that joy-related emojis, more than any other
category, systematically misalign with the emo-
tional tone of the message. We then examined,
for each emotion removed from the emoji reac-
tion distribution, how often this ablation led to im-
proved alignment with the emotion of the message.
Figure 4 shows the results. While all emotions
showed low rates of improvement in cosine sim-
ilarity (i.e., < 4%, with most < 1%), removing
joy led to a substantial increase in alignment in
over 6% of the messages. Moreover, joy accounted
for over 17, 000 statistically significant improve-
ments (z-score > 2), surpassing any other emotion.
This pattern is not explained simply by frequency.
While joy appears in over 95% of emoji reactions,
its removal leads to disproportionately many and
significantly large alignment improvements, sug-
gesting that joy plays a qualitatively different role.
In fact, while sadness appears in over 26% of emoji
reactions, removing it leads to improved alignment
in just 1.27% of messages, compared to 6.02% for
joy. No other emotion, regardless of frequency,

Figure 5: Mapping of coarse-grained emotions (left)
to their finer-grained subcategories (right). Even when
emojis reflect joy or neutrality, they frequently encode
more specific sentiments of approval like agreement,
gratitude, and excitement.

produces such a consistently large and dispropor-
tionate improvement in alignment when removed.
These findings reinforce the idea that joy reactions
are not merely emotional mirroring, but often mask
or override the underlying sentiment of a message.

To shed light on why joy behaves differently
from other emotions, we examine the fine-grained
emotional subtypes associated with each coarse
emoji emotion category. Figure 5 shows a Sankey
diagram mapping each coarse emoji emotion to
its fine-grained variants. Notably, while categories
like anger or disgust map to narrowly defined emo-
tional expressions, joy includes a wide range of
sub-emotions, such as confidence, love, celebra-
tion, agreement, and gratitude. These variants of-
ten signal social approval, support, or encourage-
ment, rather than shared affect. This broader func-
tional range helps explain why joy reactions are
frequently misaligned with the emotional content
of messages, suggesting that they do not function
as an emotional response but rather as a vehicle
for social feedback. The mismatch becomes evi-
dent in real examples from the dataset, shown in
Figure 6, where joy reactions are frequently used
in response to emotionally negative messages such
as those expressing sadness, fear, or anger. For
example, reacting with a heart emoji to a sad post
might mean “I’m here for you” more than “I feel
love,” reflecting group dynamics and social norms.
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Figure 6: Examples from our Telegram dataset showing
that messages expressing negative or neutral emotions
receive predominantly positive reactions.

5.3 RQ3 - Prediction of emoji reactions

This research question investigates which message-
level features predict the presence of emoji reac-
tions, with the goal of understanding how rhetorical
and linguistic strategies influence the engagement
of the users through emoji reactions.

To this end, we formulate the task as a binary
classification problem, where the model predicts
whether a message elicits a high level of emoji re-
actions based on its textual, emotional, and rhetor-
ical features. We employ a Random Forest classi-
fier (Breiman, 2001) with class balancing, achiev-
ing a moderate yet consistent performance, with
accuracy = 0.71 and F1 = 0.71. This provides a
solid base for further interpreting results through
SHAP, which estimates the marginal impact of each
input feature on the predictions of the model.

Figure 7 shows the top 15 contributing features
(red-colored points represent high, while blue low)
and their influence on the prediction toward high
engagement. The top predictors of emoji reactions
include Emotion Neutral, Sentiment Negative, and
(to a lesser extent) Sentiment Positive, suggesting
that the emotional valence of a message, whether
positive or negative, plays a key role in shaping
reaction dynamics. Interestingly, Emotion Neutral
emerges as the strongest individual predictor, in-
dicating that even emotionally flat messages can
elicit strong social responses. Notably, stronger
negative sentiment correlates with higher reaction
rates, while less intensely positive sentiment is also
linked to higher reactions. This pattern suggests

Figure 7: Impact of linguistic features on predicting
high emoji reaction engagement.

that both negative emotional content and muted pos-
itivity may drive greater engagement, possibly be-
cause they elicit stronger social responses or invite
interpretation. These findings align with prior re-
search on negativity bias in online platforms, which
shows that negatively valenced messages tend to at-
tract more interaction on social platforms (Schöne
et al., 2023; Watson et al., 2024). Our novel re-
sults indicate that this dynamic extends to emoji
reactions as well.

Linguistic categories also contribute. For exam-
ple, Speech Expressives and Speech Assertives are
among the most impactful predictors, suggesting
that stylistic elements of the message may influ-
ence emotional engagement beyond what is said.
Several persuasion strategies such as Appeal to
Emotion, Appeal to Popularity, and Reciprocity
also emerge as relevant predictors. In contrast, fine-
grained emotion labels such as joy, anger, or fear
showed comparatively modest influence.

6 Discussion and Conclusions

Our analysis reveals that emoji reactions on Tele-
gram do not reliably act as emotional mirroring and
may instead signal social support. While previous
studies have largely examined emojis as elements
embedded within text, demonstrating that they can
intensify expressed sentiment (Shiha and Ayvaz,
2017), improve the performance of sentiment anal-
ysis models (Liu et al., 2021), and convey addi-
tional affective information (Lou et al., 2024; Khan
et al., 2025), this perspective has subsequently been
extended, often implicitly, to emojis used as reac-
tions as well, treating them as proxies for senti-
ment (Pool and Nissim, 2016; Plaza Del Arco et al.,
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2018; Raad et al., 2018).
Our findings challenge this assumption. In par-

ticular, through ablation analysis, we show that joy
is the most disruptive emotion in terms of align-
ment. Unlike other categories, joy reactions fre-
quently appear in response to emotionally negative
or neutral messages. This suggests that joy serves
a pragmatic role, signaling approval, support, or
social bonding. These patterns indicate that emoji
reactions on Telegram may operate more as social
cues following human biases, than as emotional
reflections. This urges caution against using emoji
reactions as ground truth for sentiment analysis and
raises concerns about AI models that rely on such
signals to estimate public opinion. Our results also
help explain why negative or controversial content
online often receives higher engagement, as reac-
tions may reflect participation or support for the per-
son posting, complementing work by Morales et al.
(2025), where authors highlighted positive emoji re-
actions in the context of toxic discourse as approval
signal. Moreover, we show that this bias toward
positive reactions holds across a wider range of
communicative intents and emotional tones. Fi-
nally, we show that stronger negative sentiment
and muted positivity are linked to higher emoji re-
action rates, extending the negativity bias observed
in online platforms (Schöne et al., 2023; Watson
et al., 2024) to emoji-based interactions. Overall,
since our analysis focuses on crypto-related mes-
sages, a domain where emoji reactions are highly
visible and central to community interaction and
where in-text emojis are known to shape financial
sentiment (Mahrous et al., 2023; Zuo et al., 2024),
our findings shed light on a largely unexplored as-
pect of communication, namely the use of emoji
reactions, while also highlighting the need to as-
sess whether these patterns generalize beyond this
context.

In conclusion, we provide insights into the social
meaning of emoji reactions on Telegram, suggest-
ing that they serve a distinct communicative pur-
pose compared to in-text emojis. Recognizing this
distinction is especially important for research on
online engagement and misinformation, not only
in financial discourse but also in political (Treti-
akov et al., 2025) and infodemic (Calamusa et al.,
2020; Ng and Loke, 2020) contexts, as well as in
moderation settings (Zhou et al., 2025; Cima et al.,
2025; Tessa et al., 2025), where emoji reactions
may be used as signals or indicators of emotional
resonance or public sentiment.

7 Limitations

First, our findings rely on automated classifiers,
including transformer-based models (e.g., BERT,
RoBERTa, DistilBART) and a large language
model (GPT-4o), which were not specifically fine-
tuned or validated on our dataset. As a result, their
predictions may introduce a degree of uncertainty
and noise typical of automated annotation pipelines,
particularly for nuanced phenomena such as emo-
tion, persuasion, and speech acts. Second, as our
dataset consists mostly of public cryptocurrency-
related Telegram channels, the communicative dy-
namics we observe may reflect domain-specific
norms, which limits the generalizability of our find-
ings and highlights the need to examine other do-
mains in future work. Doing so would also clarify
our interpretation of the positivity bias: although
we view it as consistent with social-approval, en-
gagement, or banter signaling, other explanations
remain possible, including community norms spe-
cific to this domain that may encourage more posi-
tive reactions. Nonetheless, evidence that emoji re-
actions do not reliably reflect emotional resonance,
at least in this setting, remains informative. At the
same time, our analytical approach is general and
can be applied to other domains and platforms. Be-
yond these interpretative factors, the Telegram reac-
tion system itself introduces structural constraints.
The set of standard emoji reactions is finite, and our
study does not consider custom emoji sets. In ad-
dition, not all channels enable reactions, and when
they do, administrators may restrict the available
options to a small and often predominantly pos-
itive set. These features can introduce selection
bias and promote approval-oriented responses by
design. Future work could extend these insights
by examining how reaction emojis operate within a
broader range of digital communication practices.
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Abstract

This paper presents a domain-specific trans-
former pipeline for quantifying social atmo-
sphere in hostel reviews, an experiential dimen-
sion that travelers consistently prioritize but
that existing NLP methods and booking plat-
forms fail to capture. We train a cross-encoder
on 4,994 manually annotated reviews and use
it to pseudo-label 162,840 additional reviews;
these labels are then distilled into a sentence-
transformer bi-encoder, producing embeddings
where proximity reflects social interaction level
rather than generic sentiment. On held-out
human-labeled data, the domain-adapted em-
beddings achieve F1 = 0.826, outperforming
generic sentence embeddings (0.671) and zero-
shot GPT-4o (0.774), with a 40-fold improve-
ment in intra-class versus inter-class similarity.
Aggregating predictions to the property level
reveals that hostel socialness follows an approx-
imate exponential distribution, confirming that
highly social hostels are rare. This work for-
malizes socialness as a measurable semantic
construct and provides a general template for
extracting implicit experiential attributes from
text at scale.

1 Introduction

For travelers staying in hostels, the social atmo-
sphere, that is, how lively, friendly, and communal
a property feels, is often more important than tra-
ditional quality indicators such as cleanliness, lo-
cation, or amenities. Prior research in tourism and
backpacking culture has consistently shown that
younger and solo travelers select hostels specifi-
cally to meet other travelers, form temporary com-
munities, and engage in shared social experiences
(Oliveira-Brochado and Gameiro, 2013). Industry
data similarly underscores this priority: over half
of solo travelers report that “meeting interesting
people along the way” is the single most memo-
rable aspect of a trip, ranking above destination or
attractions (Hostelworld, 2024, 2025). Despite this

clear behavioral pattern, the social dimension of
hostels remains poorly captured in both academic
hospitality research and commercial booking plat-
forms.

Traveler reviews present a promising yet under-
utilized source of information about social atmo-
sphere. These reviews often contain rich descrip-
tions of friendliness, group dynamics, shared meals,
pub crawls, communal areas, and the ease or diffi-
culty of meeting other guests. However, the signals
are embedded in unstructured, subjective language
that traditional NLP tools fail to extract meaning-
fully. General-purpose sentiment analysis models
primarily detect positive versus negative valence,
overlooking experiential or social nuance. Topic-
modeling studies in hospitality typically emphasize
concrete attributes such as cleanliness, facilities,
location, or price (Li et al., 2015; Krishnan et al.,
2024), and existing aspect-based sentiment models
for hotels largely exclude social interaction as a
defined category. Prior NLP work in the tourism
domain repeatedly notes the challenge of modeling
experiential, intangible, and socially constructed at-
tributes, which often require domain-specific cues
and contextual understanding (Xiang et al., 2015).

Even platforms explicitly designed for socially
oriented travelers do not provide a direct measure-
ment of social atmosphere. Hostelworld, for exam-
ple, includes an “atmosphere” score, but this metric
is likely degraded through expectation alignment.
According to expectation–disconfirmation theory
(EDT) (Oliver, 1980; Pizam and Milman, 1993),
satisfaction ratings primarily measure whether a
guest’s expectations were met, not what the true un-
derlying attribute is. A tranquil hostel can receive
a high atmosphere rating if guests expected calm-
ness and it delivered; a party hostel can receive the
same high score when it meets expectations of so-
cial intensity. Because both extremes are rewarded
equally, the rating cannot distinguish high-social
from low-social hostels.
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Due to the complexity of extracting social cues
from unstructured reviews and the expectation-
alignment bias embedded in atmosphere ratings
under EDT, neither the research community nor
the tourism industry currently possesses an opera-
tional or data-driven metric for measuring the true
social interaction level of a hostel. Consequently,
travelers cannot reliably compare hostels by social
atmosphere, and operators lack tools to monitor
or improve the communal experience that many
guests value most.

To address this gap, we develop the first domain-
specific transformer model designed to identify so-
cial behavior and communal atmosphere in hos-
tel reviews. Our approach begins by training a
high-accuracy cross-encoder to detect socialness
cues in a curated seed dataset, enabling large-scale
pseudo-labeling of more than 160k hostel reviews.
Pseudo-labeling has a long history as an effec-
tive semi-supervised learning technique for low-
density separation and improving classifier con-
fidence (Chapelle et al., 2009; Lee et al., 2013).
We use the term pseudo-labeling to emphasize that
these automatically assigned labels are treated as
supervision and used only for downstream repre-
sentation learning rather than as ground truth anno-
tations.

We then fine-tune a sentence-transformer bi-
encoder on the pseudo-labeled corpus to create
a vector space where semantic proximity reflects
social interaction levels rather than generic senti-
ment or topic similarity. This mirrors successful
strategies in other specialized NLP domains, such
as BioBERT for biomedical literature (Lee et al.,
2020) and FinBERT for financial communication
(Huang et al., 2023), which demonstrate that pre-
trained models often need to be adapted to domain-
specific corpora to capture specialized meaning.

Together, the cross-encoder supervision and
domain-adapted bi-encoder directly address the
two core challenges outlined above. First, the
cross-encoder enables precise identification of so-
cial cues that generic sentiment and topic mod-
els fail to capture, allowing the model to learn
from examples where social interaction is subtly
or implicitly expressed. Second, the fine-tuned
sentence-embedding space overcomes the inade-
quacy of expectation-aligned ratings by providing
a representation that reflects the actual semantic
content of reviews rather than guests’ prior expec-
tations. In combination, this pipeline produces
embeddings that encode the underlying social vi-

brancy of hostels, something neither raw ratings
nor out-of-the-box NLP models can isolate.

This work contributes four advances:

1. A new annotated and pseudo-labeled dataset
capturing social interaction themes in hostel
reviews, the first collection focused explicitly
on socialness rather than sentiment, amenities,
or destination attributes.

2. A formal introduction of “socialness” as a
measurable semantic construct within NLP
for tourism, distinct from sentiment polarity,
topic categories, or expectation-aligned rat-
ings.

3. A domain-specific transformer embedding
that captures hostel social atmosphere more
accurately than general-purpose models, en-
abling fine-grained discrimination of commu-
nal versus non-communal environments.

4. Applied empirical evaluation, showing that
the resulting embeddings support downstream
tasks such as hostel ranking, clustering, re-
trieval, and social-atmosphere mapping at
global scale.

By quantifying an attribute that travelers consis-
tently value but that platforms cannot meaningfully
measure, this work fills a methodological and prac-
tical gap at the intersection of natural language
processing, tourism analytics, and experiential hos-
pitality research. Beyond academic contributions,
the resulting domain-specific embeddings enable a
wide range of real-world applications: social-based
hostel ranking, similarity search (for example, “find
hostels with a similar vibe”), clustering of hostels
into social typologies, temporal monitoring of a
property’s social atmosphere, and operator-facing
analytics that help hostel managers understand,
benchmark, and improve the communal guest expe-
rience. These downstream uses demonstrate both
the feasibility and the immediate utility of mod-
eling socialness as a quantifiable semantic dimen-
sion.

2 Related Work

2.1 Tourism NLP and the Absence of Social
Atmosphere Modeling

Tourism and hospitality research has extensively
mined online reviews, but this work consistently
focuses on amenity-based and operational hotel
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attributes rather than experiential or social atmo-
sphere. For example, Li et al. (Li et al., 2015)
analyze 118,000 TripAdvisor hotel reviews using
emerging pattern mining and find that the dominant
extracted features are location, price, room, ser-
vice, staff, breakfast, and cleanliness, all of which
are concrete physical characteristics of the prop-
erty. Their automatically generated feature list such
as room, staff, breakfast, cleanliness, lounge, and
pool contains no representations of guest-to-guest
interaction or communal social dynamics. Simi-
lar patterns appear in alternative accommodations.
Krishnan et al. (Krishnan et al., 2024) apply senti-
ment analysis and topic modeling to homestay re-
views and identify topics related to rooms, facilities,
bathrooms, cleanliness, location, and host hospital-
ity, but again no indicators of the vibe, communal
energy, or interaction among guests that charac-
terize social atmosphere. Across both hotels and
homestays, existing tourism NLP reliably extracts
tangible service attributes while entirely omitting
interpersonal or community-oriented experiences,
leaving the social dimension of accommodations
computationally unmodeled.

2.2 Subjectivity and Experiential Meaning in
NLP

A substantial body of work shows that many subjec-
tive or experiential attributes in text are conveyed
implicitly rather than through explicit lexical mark-
ers. Kim and Klinger (Kim and Klinger, 2018)
demonstrate that emotions are often expressed by
describing situations rather than affective words,
noting that implicit emotion requires reasoning
over events and commonsense knowledge rather
than surface sentiment cues. This finding highlights
a general limitation of polarity-based or keyword-
driven approaches when meaning is embedded in
context.

Recent work on implicit semantics extends this
challenge to modern embedding models. Sun et al.
(Sun et al., 2025) show that widely used text em-
beddings prioritize surface similarity and topical
overlap while performing poorly on tasks involv-
ing implicature, speaker stance, or social meaning.
Their experiments indicate that even state-of-the-
art models capture only a small fraction of prag-
matic or attitudinal content.

These observations indicate that experiential con-
structs often require specialized modeling to infer
meaning that is not explicitly stated. Social atmo-
sphere in hostel reviews exhibits similar character-

istics. Descriptions of social interaction, friendli-
ness, or communal energy are frequently implied
through situational cues rather than explicit ter-
minology. This motivates the need for a domain-
specific modeling approach capable of capturing
these implicit social signals

2.3 Domain-Specific Transformer Models

Large pretrained language models often require
domain-specific adaptation when applied to spe-
cialized corpora, since general-purpose models do
not fully capture the terminology, semantic pat-
terns, or contextual cues present in domain-specific
text. BioBERT (Lee et al., 2020) demonstrates this
clearly in the biomedical domain. By continuing
BERT pretraining on PubMed abstracts and PMC
full-text articles, BioBERT achieves substantial per-
formance gains across biomedical named entity
recognition, relation extraction, and question an-
swering tasks, as demonstrated by substantial gains
across biomedical NER, relation extraction, and
question answering. FinBERT (Huang et al., 2023)
applies the same principle to financial communica-
tion, where nuanced sentiment and domain-specific
vocabulary lead general pretrained models to un-
derperform. The authors show that pretrained trans-
formers adapted to financial filings and earnings
reports provide significantly more accurate senti-
ment extraction, outperforming general BERT on
financial-specific evaluation tasks. Together, these
models show that domain-adapted transformers
consistently outperform general-purpose variants
when the target domain contains specialized termi-
nology or subtle contextual cues. This motivates
our use of a domain-specific sentence-transformer
trained on hostel reviews, where social interaction
cues are similarly domain dependent and not well
captured by general pretrained models.

3 Methodology

Our goal is to learn a representation of hostel re-
views in which distances reflect the underlying
social interaction level rather than generic senti-
ment or topic similarity. The pipeline consists of
(1) defining socialness and constructing a labeled
seed set, (2) training a cross-encoder classifier, (3)
pseudo-labeling the full corpus (4) fine-tuning a
domain-specific bi-encoder on these labels, (5) cal-
ibrating a linear classifier on human-annotated data,
and (6) aggregating review-level predictions into
hostel-level socialness scores.
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3.1 Defining Socialness and Seed Labels

3.1.1 Construct Definition

Socialness refers to the extent to which a review
describes guest-to-guest interaction, communal en-
ergy, or situational cues indicating that travelers
are likely to meet, engage, or form temporary com-
munities. Unlike amenities (e.g., cleanliness, fa-
cilities) or evaluative constructs such as sentiment,
socialness captures the interpersonal dynamics of
the property as experienced by guests. Socialness
and overall sentiment are independent dimensions:
a review may be strongly positive or negative in
tone without being social at all, and a highly social
environment may be described unfavorably.

Linguistically, socialness is expressed primar-
ily through implicit situational descriptions rather
than explicit labels such as “this is a social hostel.”
Reviews rarely state socialness directly. Instead,
social cues appear through descriptions of activi-
ties, shared spaces, and interaction patterns among
guests. For example, a review describing “par-
ties every night” or “something happening every
day like drinking games and going to the clubs”
conveys a highly social environment even when
accompanied by complaints about noise or clean-
liness. These cases illustrate that high socialness
can co-occur with negative sentiment.

Conversely, not all mentions of party-related vo-
cabulary or positive affect indicate genuine social
interaction. A reviewer may note that “while it is
a party hostel, I found it impersonal and hard to
meet people,” indicating the presence of a party-
oriented setting without meaningful guest-to-guest
engagement. Similarly, reviews emphasizing “very
friendly staff” or a welcoming host environment
provide no evidence of interactions among guests
and are therefore considered non-social. These
distinctions motivate grounding the construct in ob-
served interpersonal dynamics rather than topical
keywords, facilities, or affective polarity.

Formally, we view socialness as a continuous
experiential dimension. However, for supervision
at the review level, we operationalize it as a binary
label: social = 1 if the review provides clear
textual evidence of guest interaction or communal
participation, and social = 0 otherwise. This bi-
nary operationalization prioritizes annotation con-
sistency and high-precision supervision. The under-
lying continuity of socialness emerges downstream
through aggregation across reviews and through the
geometry of the learned embedding space, rather

than from individual review labels.
The full annotation rubric, including decision

rules and a labeling flowchart, is provided in Ap-
pendix A.

3.1.2 Seed Dataset and Annotation
The cross-encoder (Section 3.3.1) is trained on a
manually annotated seed dataset of 4,994 reviews
sampled from a relational database of hostel re-
views. Because explicitly social reviews are rel-
atively rare in purely random samples, we use
keyword-guided enrichment as a sampling strategy
only to increase the prevalence of candidate social-
ness edge cases during annotation. Concretely, we
draw a mixed pool consisting of (i) reviews contain-
ing social-event related strings (e.g., “pub crawl”,
“party hostel”), (ii) reviews containing calm or low-
sociality strings (e.g., “quiet”, “not a party hostel”),
and (iii) randomly sampled reviews. Full list of
strings that were used to draw out the enrichment
can be seen in Appendix B. To avoid collapsing
onto narrow lexical triggers, these keyword pools
are used solely to select reviews for annotation, and
final labels are assigned based on full-text review
content using the rubric in Appendix A rather than
keyword presence. In practice, enriched candidates
constituted a minority of the seed dataset, with the
remainder drawn from random sampling to pre-
serve coverage of the natural review distribution.

All reviews in the seed dataset were labeled man-
ually by a single annotator with domain familiarity,
prioritizing internal consistency in applying the so-
cialness rubric. Ambiguous cases were resolved
conservatively as non-social to maintain high pre-
cision in the positive class. This annotated seed set
provides the sole human supervision used to train
the cross-encoder model.

3.2 Dataset and Preprocessing

The full corpus consists of 162,840 hostel reviews
from two major booking platforms, covering 2,230
distinct hostels worldwide. Reviews were program-
matically collected from publicly accessible online
review pages and stored in a relational database
prior to preprocessing. The texts are short but
information-dense, with most reviews well within
standard transformer context windows, making
them suitable for sentence-level modeling.

Because hostel travel is highly international, the
corpus is multilingual. We first apply automatic
language identification and then translate all non-
English reviews into English using the Google
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Cloud Translation API. The detected language code
is stored alongside the original text. Reviews iden-
tified as English are kept verbatim; others are trans-
lated in batched requests. If translation fails, the
original text is retained. Manual inspection of a
random subset confirms that translations remain
fluent and preserve the situational cues relevant for
socialness.

Preprocessing is intentionally minimal. Aggres-
sive normalization could remove precisely the cues
needed to detect guest interaction. We therefore
preserve punctuation, capitalization, emojis, and
nonstandard spellings. The only substantive clean-
ing step concerns reviews that are scraped into
multiple fields (e.g., separate positive and negative
comments); these are concatenated into a single
free-text field. Empty or null reviews are discarded.
Otherwise, text is kept exactly as written by travel-
ers.

3.3 Modeling Pipeline

3.3.1 Cross-Encoder Socialness Classifier

The first stage of the pipeline is a high-precision
cross-encoder that maps each review to the
probability that it describes a socially active
environment. We fine-tune the publicly available
cross-encoder/ms-marco-MiniLM-L-12-v2
model from Sentence-Transformers, originally
trained for passage–query relevance. The model
receives as input a pair consisting of (1) the review
text and (2) a fixed natural-language query that
specifies the target construct, such as:

“Does this review describe a lively social
environment with friendly guests?”

The cross-encoder jointly encodes the concate-
nated review and query and outputs a scalar proba-
bility via a sigmoid layer. We train the model with
binary cross-entropy loss on the annotated seed set,
using standard hyperparameters for learning rate,
batch size, and number of epochs. Because so-
cial reviews are less frequent than non-social ones,
we modestly upsample the positive class during
training to expose the model to a wider variety of
social cues. To assess generalization across proper-
ties, we use both a stratified row-level split and a
hostel-level split in which all reviews from held-out
hostels appear only in validation or test sets.

3.3.2 Pseudo-Labeling and High-Confidence
Subset

After training, we apply the cross-encoder to the en-
tire translated corpus to obtain, for each review x, a
probability pCE(y = 1 | x) that the review is social.
We then derive a binary pseudo-label ŷCE ∈ {0, 1}
for every review using a fixed decision threshold
selected on the validation set.

To reduce noise in downstream representation
learning, pseudo-labeling pipelines often apply
confidence-based filtering to discard ambiguous
cases near the decision boundary. In our setting,
however, the cross-encoder produces a sharply bi-
modal probability distribution, with relatively few
reviews assigned intermediate probabilities. We
therefore retain the full pseudo-labeled corpus for
bi-encoder training, as explicit high-confidence
thresholding would remove only a small number of
borderline instances and does not materially affect
downstream performance. This approach yields a
large, automatically labeled dataset while preserv-
ing the diversity of social and non-social signals
present in the corpus.

3.3.3 Domain-Specific Bi-Encoder Training
Although the cross-encoder yields high-quality pre-
dictions, it is computationally costly because each
inference requires full joint attention over the re-
view and query. To support large-scale analysis
(e.g., unsupervised clustering, embedding-space
exploration) and to enable low-latency inference
for retrieval or recommendation settings, we dis-
till the cross-encoder into a lightweight sentence-
transformer bi-encoder that produces socialness-
aware embeddings.

We start from the
sentence-transformers/all-MiniLM-L6-v2
model, which maps each review x independently
to a 384-dimensional embedding f(x). Training
is performed on the pseudo-labeled reviews. We
first create train/validation/test splits with respect
to ŷCE, optionally subsampling to maintain a
balanced and tractable training set.

Rather than conditioning on a query, the bi-
encoder is trained with a pairwise similarity ob-
jective over review–review pairs. Positive pairs
are constructed from reviews that share the same
pseudo-label (both social or both non-social), and
negative pairs from reviews with different pseudo-
labels. The model is optimized with a cosine-
similarity loss that encourages embeddings of
same-label reviews to be close and embeddings
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of different-label reviews to be far apart. We use
standard settings for batch size, learning rate, and
number of epochs. The best checkpoint is selected
based on validation performance on the pseudo-
label classification task.

3.3.4 Linear Classifier Head and Continuous
Scores

To align the distilled representation directly with
human annotation and to obtain a lightweight clas-
sifier for downstream use, we freeze the fine-tuned
bi-encoder and train a logistic regression head
on top of its embeddings. Each of the 4,994
human-labeled reviews is embedded with the bi-
encoder, and the resulting vectors are split into
train/validation/test sets using the same proportions
as for the cross-encoder. An ℓ2-regularized logistic
regression model with class-balanced weights is
then trained to predict the manual socialness label
from the embedding.

In addition to binary decisions, both the logistic
regression output and the underlying embedding
space provide continuous socialness scores. For
example, hostel-level socialness can be computed
as the fraction of a hostel’s reviews predicted as so-
cial or by aggregating the continuous probabilities
across its reviews. These aggregation procedures
are described in the following subsection.

3.3.5 Hostel-Level Aggregation
Finally, we derive property-level socialness scores
by aggregating review-level predictions. For each
hostel, we collect all associated reviews and com-
pute the fraction of reviews classified as social by
the bi-encoder + logistic regression model. This
fraction serves as a continuous socialness score in
[0, 1], where higher values indicate a higher preva-
lence of social interaction in the textual record of
the property. Alternative aggregation schemes (e.g.,
averaging probabilities, weighting by recency) are
straightforward but beyond the scope of this work.

4 Results

4.1 Dataset Descriptive Statistics
The full corpus consists of 162,840 hostel reviews
collected from two major booking platforms: Book-
ing.com (88,656 reviews) and Hostelworld (74,184
reviews). Reviews span 72 cities worldwide and
correspond to 2,230 unique hostels, reflecting sub-
stantial geographic and property-level diversity.

The dataset is multilingual, reflecting the interna-
tional nature of hostel travel. Automatic language

Figure 1: Methodology Workflow

identification indicates that 68.08% of reviews are
written in English, with the remaining reviews dis-
tributed across more than twenty languages. Ta-
ble 1 summarizes the most common languages. Be-
cause cues related to social interaction may appear
across diverse linguistic contexts, all subsequent
analyses operate on a translated English corpus.

Language Percent of Corpus
English 68.08%
Spanish 9.25%
French 4.59%
Portuguese 4.06%
German 3.25%
Japanese 1.47%
Italian 1.31%
Russian 1.24%
Korean 0.91%
Dutch 0.89%

Table 1: Most common languages in the 162,840-review
corpus prior to translation.

Reviews are generally short to moderate in
length. The mean review length is 55.8 tokens,
with a median of 43 tokens and a standard deviation
of 48.6 tokens. The distribution is right-skewed,
with the 90th percentile at 110 tokens, the 95th
percentile at 128 tokens, and the 99th percentile at
235 tokens. Extremely long reviews are rare: only
0.05% of reviews exceed 512 tokens, and fewer
than one hundred reviews exceed 1,024 tokens.
This length profile is well suited to transformer-
based encoders without requiring aggressive trun-
cation.

4.2 Human-Labeled Seed Dataset

The cross-encoder is trained on a manually an-
notated seed set of 4,994 reviews. This dataset
provides the only human supervision used in the
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pipeline and therefore anchors the definition of so-
cialness. Table 2 summarizes its key properties.
Social reviews constitute 25.15% of the dataset,
reflecting the relative rarity of explicit guest–guest
interaction cues in hostel reviews. Review lengths
are short (median 50 tokens), and the dataset spans
both major platforms, ensuring coverage of diverse
writing styles and traveler perspectives.

Statistic Value
Total reviews 4,994
Positive class (social = 1) 25.15%
Negative class (social = 0) 74.85%
Median length 50 tokens
95th percentile length 146 tokens
Platforms represented Hostelworld & Booking.com

Table 2: Summary statistics of the human-labeled seed
dataset used to train the cross-encoder.

4.3 Evaluation Metrics

We report standard metrics for binary classification,
chosen to reflect both thresholded classification
performance and ranking quality:

• F1 score is the harmonic mean of precision
and recall and provides a single summary mea-
sure of classification performance at a fixed
decision threshold. Because we care equally
about avoiding false positives and false neg-
atives, F1 serves as the primary metric for
comparing models in this setting.

• AUC (area under the ROC curve) measures
ranking quality independent of any particular
threshold.

• Average Precision (AP) summarizes the
precision–recall curve by weighting precision
at different recall levels.

4.4 Cross-Encoder Performance

We first evaluate the cross-encoder on the 4,994
human-labeled reviews. Table 3 reports perfor-
mance under two evaluation regimes: (a) a standard
row-level split and (b) a stricter hostel-level split
that tests generalization to unseen properties. The
model achieves high discrimination (AUC > 0.97)
and ranking quality (AP = 0.954) in both settings.
The slightly higher F1 on the hostel-level split in-
dicates that the classifier captures generalizable
cues of social interaction beyond property-specific
phrasing.

Split AP AUC F1 Thresh.
Row-level 0.9540 0.9819 0.8829 0.0733
Hostel-level 0.9540 0.9797 0.8916 0.0972

Table 3: Cross-encoder performance on human-labeled
data.

4.4.1 Pseudo-Labeling the Full Corpus

Applying the cross-encoder to all 162,840 re-
views yields continuous socialness probabilities
and pseudo-labels. The model predicts that 20.34%
of reviews describe socially active environments,
representing a downward shift from the hand-
labeled seed set. This difference is expected be-
cause the seed dataset was constructed using a
sampling enrichment procedure that increased the
prevalence of candidate socialness edge cases (in
addition to random reviews) during annotation,
whereas the full corpus reflects the natural distribu-
tion of review content. Figure 2 shows the resulting
probability distribution, which is sharply bimodal:
most reviews lie near 0 or near 1.

Figure 2: Cross-encoder probability distribution for all
reviews.

The cross-encoder probability distribution is
sharply bimodal, with most reviews assigned prob-
abilities near 0 or 1. As a result, we do not apply
explicit high-confidence filtering during pseudo-
labeling, since removing borderline cases would
discard only a small fraction of the data and does
not materially affect downstream performance.

Platform differences. Hostelworld reviews ex-
hibit a substantially higher proportion of social-
labeled content (27.87%) compared to Book-
ing.com reviews (14.04%). This pattern aligns
with differences in platform focus: Hostelworld
targets backpackers and hostel-goers, for whom
social interaction is often a primary motivation for
accommodation choice, while Booking.com serves
a broader traveler population. The result provides
correlational evidence that social atmosphere is a
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meaningful and behaviorally relevant dimension in
hostel travel.

4.5 Bi-Encoder Distillation and Classification
4.5.1 Classification Performance
We embed each review with the fine-tuned
bi-encoder and train a logistic regression classifier
on the human-labeled dataset. Table 4 compares
performance against two baselines: (1) generic
sentence-transformer embeddings produced by
sentence-transformers/all-mpnet-base-v2
without domain adaptation, and (2) a zero-shot
classification prompt to GPT-4o-mini. Domain-
adapted embeddings yield the strongest overall
performance, improving F1 by 15.5 points and
AUC by 8 points over the generic embedding
baseline.

Model F1 Prec. Rec. AUC
Generic embeddings + LogReg 0.671 0.594 0.772 0.872
GPT-4o-mini (zero-shot) 0.774 0.983 0.638 0.817
Fine tuned Bi-encoder + LogReg 0.826 0.790 0.865 0.952

Table 4: Classification performance on the human-
labeled test set.

4.5.2 Embedding Structure
To assess whether socialness forms a coherent di-
mension in embedding space, we project embed-
dings of the 4,994 labeled reviews using UMAP.
As shown in Figure 3, generic embeddings exhibit
substantial overlap between classes, whereas the
domain-specific bi-encoder produces a clear sepa-
ration between social and non-social reviews.

Figure 3: UMAP projection of generic embeddings (left)
and domain-specific embeddings (right).

Pairwise cosine similarities confirm this struc-
ture: the intra–inter class similarity gap increases
from 0.018 (generic) to 0.704 (fine-tuned), a 40-
fold improvement. Unsupervised k-means cluster-
ing (with k = 2) achieves purity of 0.909 on the
bi-encoder embeddings, compared to 0.748 for the
generic baseline, indicating strong alignment be-
tween the learned representation and the socialness
construct.

4.6 Hostel-Level Socialness Distribution

For each hostel, we aggregate review-level predic-
tions to compute the fraction of its reviews classi-
fied as social, yielding a continuous property-level
socialness score in [0, 1]. Prior to distribution fit-
ting, we remove hostels with socialness = 0 (i.e.,
no reviews predicted as social) and drop any invalid
or missing values, resulting in n = 2,072 hostels
retained out of 2,230.

Figure 4 shows the empirical distribution of
these nonzero hostel-level scores. Fitting a one-
parameter exponential model via maximum like-
lihood yields λ̂ = 5.39 (mean = 0.186). The ex-
ponential provides a strong descriptive approxima-
tion in the upper tail: the empirical survival curve
is close to linear on a log scale (R2 = 0.9748).
However, formal goodness-of-fit tests reject the ex-
ponential assumption (KS: p = 3.8 × 10−10; χ2:
p = 4.2× 10−4), indicating statistically detectable
deviations from an exact exponential model.

Despite this rejection, the near-linear log-
survival behavior suggests a clear rarity structure:
highly social hostels are uncommon, while most
properties exhibit limited or intermittent social
cues. We therefore interpret the exponential fit
as a compact summary of the decay pattern rather
than a strictly correct generative model.

Figure 4: Distribution of hostel-level socialness scores
with exponential fit.

5 Conclusion

This work introduces a data-driven approach for
quantifying the social atmosphere of hostels from
unstructured traveler reviews. By formalizing so-
cialness as a semantic construct distinct from sen-
timent, amenities, and expectation-aligned ratings,
we address a long-standing gap in both tourism
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research and commercial travel platforms: the ab-
sence of an operational metric for guest-to-guest
interaction and communal experience.

Empirically, we show that socialness can be re-
liably inferred from text using a domain-specific
modeling pipeline. A cross-encoder trained on a
small, carefully annotated seed set generalizes well
to unseen hostels and produces sharply bimodal
probability distributions when applied at scale. Dis-
tilling these judgments into a sentence-transformer
bi-encoder yields an embedding space in which
socialness emerges as a coherent latent dimension,
enabling both accurate classification and unsuper-
vised structure discovery. The resulting representa-
tions substantially outperform generic embeddings
and zero-shot prompted language models, demon-
strating the value of domain adaptation for captur-
ing implicit experiential meaning.

At the property level, aggregating review-level
predictions reveals a striking and well-behaved dis-
tribution: hostel socialness follows an exponential
decay, with highly social properties being rare and
most hostels exhibiting limited or intermittent so-
cial cues. This structure provides independent vali-
dation that the learned signal is not arbitrary, and
it offers a compact statistical characterization of
social atmosphere at global scale.

Beyond academic contributions, the learned em-
beddings enable practical applications that are not
supported by existing rating systems. These in-
clude social-based hostel ranking, similarity search
(e.g., discovering hostels with comparable social
profiles), unsupervised clustering into social ty-
pologies, and temporal monitoring of changes in
communal atmosphere. By shifting the measure-
ment of social experience from expectation-aligned
ratings to text-derived semantic structure, this work
demonstrates how implicit social behavior can be
operationalized at scale.

More broadly, the approach illustrates a general
strategy for modeling experiential constructs that
are difficult to define explicitly but are consistently
described in natural language. The combination of
targeted supervision, pseudo-labeling, and domain-
specific representation learning provides a template
for extracting other forms of social and experiential
meaning from reviews, opening new directions for
NLP in tourism analytics and beyond.

Limitations

While the proposed pipeline provides a coherent
and scalable representation of hostel social atmo-
sphere, several limitations remain.

Construct ambiguity and absence of ground
truth. Socialness is an inherently fuzzy and
context-dependent construct, with no external
ground-truth benchmark against which model pre-
dictions can be definitively validated. Many re-
views lie near conceptual boundaries. Examples
include, party-oriented hostels with limited min-
gling, quiet hostels with occasional communal en-
counters, or reviews emphasizing staff friendliness
rather than guest interaction. These ambiguities
introduce unavoidable subjectivity into the labeling
process and make fine-grained distinctions difficult
for both humans and models. As a result, evalua-
tion at the hostel level necessarily relies on internal
consistency and distributional structure (e.g., rarity
patterns) rather than comparison to a trusted exter-
nal reference. This limitation reflects the broader
challenge of operationalizing socially constructed
experiences from text rather than a deficiency of
the proposed model.

Single-annotator supervision. The seed dataset
used to train the cross-encoder was annotated by a
single domain-familiar annotator, prioritizing inter-
nal consistency in the initial definition of socialness.
While this choice reduces inter-annotator disagree-
ment during early development, it limits the ability
to quantify annotation reliability or capture alter-
native interpretations of borderline cases. Future
work could substantially strengthen the empirical
foundation of this task by incorporating multiple
annotators, measuring inter-annotator agreement,
and introducing verification or adjudication layers
for ambiguous reviews.

Data coverage and translation effects. The
corpus is drawn exclusively from Hostelworld and
Booking.com, which constrains representativeness
across the broader hostel ecosystem and reflects
the preferences of travelers who choose to leave
reviews. In addition, approximately one-third of
the corpus relies on machine translation. Although
manual inspection suggests that translations pre-
serve the situational cues most relevant to social-
ness, subtle shifts in tone, pragmatics, or culturally
specific expressions of social interaction may affect
classification. These factors introduce systematic
biases that future work could address through ex-
panded platform coverage and multilingual model-
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A Annotation Rubric for Socialness

This appendix documents the review-level anno-
tation rubric used to construct the human-labeled
seed dataset. The goal of the rubric is to opera-
tionalize socialness as evidence of guest-to-guest
interaction and communal participation, while ex-
plicitly distinguishing it from sentiment polarity,
staff friendliness, facilities, and topic keywords.

A.1 Task Framing and Unit of Annotation
Unit of annotation. Each review is annotated
independently. Labels are assigned based only on
the textual content of the review, without using
metadata (e.g., rating, reviewer nationality, hostel
name).

Label set. Socialness is annotated as a binary
label:

• social = 1: the review provides clear evi-
dence of guest-to-guest interaction or commu-
nal participation.

• social = 0: the review does not provide such
evidence, or explicitly indicates low sociality.

Core principle. A review is labeled social =
1 only when it contains direct or strongly implied
evidence that guests interact with other guests or
participate in shared social activities. Mentions of
facilities (e.g., bar, common room), staff friendli-
ness, or general positivity are not sufficient on their
own.

A.2 Decision Rules
A.2.1 Conditions for social = 1

A review receives social = 1 if it satisfies at least
one of the following:

• Explicit sociality. The review directly states
that the hostel is social or that it is easy to
meet other travelers (e.g., “very social,” “easy
to meet people,” “met lots of people”).

• Guest interaction described. The review de-
scribes guests meeting, talking, hanging out,
cooking/eating together, playing games, or
spending time together in shared spaces.

• Hostel-organized activities with participa-
tion. The review mentions naturally social
group events (e.g., pub crawls, group din-
ners, drinking games, dance classes, or par-
ties) (e.g., “pub crawl was super fun”).

• Lively atmosphere with interpersonal con-
tent. The review describes a vibrant commu-
nal environment where social interaction is
clearly occurring, even if overall sentiment is
negative (e.g., complaints about noise while
describing nightly social activity).

A.2.2 Conditions for social = 0

A review receives social = 0 if any of the follow-
ing apply:

• Explicit statements of low sociality. The
review states that it is hard to meet people, that
the hostel is not social, boring, impersonal, or
lacks atmosphere.

• Facilities mentioned without interaction.
The review mentions a bar, rooftop, common
area, or events without describing guests in-
teracting (e.g., “nice bar” with no interaction
evidence).

• Staff-only friendliness. The review focuses
on friendly staff/hosts or a welcoming recep-
tion but provides no evidence of guest-to-
guest interaction.

• Keyword-only or vague cues. The review
contains isolated or vague atmosphere descrip-
tions (e.g., “good vibe”) without evidence of
interaction. These cases are labeled social
= 0 unless interpersonal participation is de-
scribed.

A.3 Representative Examples

The examples below illustrate how socialness can
be expressed implicitly and independently from
sentiment polarity, staff friendliness, or topical key-
words. Excerpts are lightly edited for brevity.
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Example Type Review Excerpt
High social, implicit
(social=1)

“There are parties every
night, and the music can
be heard in the rooms.”

High social, neg-
ative sentiment
(social=1)

“Don’t go if you want
a clean place, it’s only
good for partying.
There is something
happening every day
like drinking games and
going to the clubs.”

Party keywords
but low interaction
(social=0)

“While it is a party hos-
tel I found it impersonal
and hard to meet peo-
ple.”

Low social, pos-
itive sentiment
(social=0)

“Amazing hostel! Very
friendly staff and they
gave great advice on
things to do.”

A.4 Labeling Decision Flow
Figure 5 summarizes the decision process used
during annotation.

Review text

Does the review ex-
plicitly describe a non-

social environment?

Does the review
explicitly say it
is social or easy
to meet people?

Does it describe
guests participating

in communal events?

Does it describe
a lively atmo-
sphere where

guests socialize?

Label: Non-social (0)

Label: Social (1)

Label: Social (1)

Label: Non-social (0)

Label: Social (1)

Yes

No

Yes

No

Yes

No

No

Yes

Figure 5: Decision flow for assigning binary socialness
labels at the review level.
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B Keyword-Guided Sampling
Enrichment

This appendix documents the keyword lists used for
sampling enrichment when selecting candidate re-
views for annotation. Keywords were used solely to
increase the probability of sampling reviews likely
to contain high- or low-socialness cues and were
not used as labeling rules, model features, or infer-
ence heuristics.

B.1 Party and Calm Token Lists
Party-related strings.

party hostel; pub crawl; bar crawl; club crawl;
beer pong; drinking games; DJ; nightlife; shots;
happy hour; karaoke; music until late; wild party;
parties every night;

Calm or low-sociality strings.

quiet; peaceful; calm; good sleep; sleep well; not
a party hostel; relaxing; chill; no noise; quiet
hours; silent
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Abstract

Emotional tone plays a central role in per-
suasion, yet its impact on computational as-
sessments of political argument quality in real
world election campaign speeches remains
understudied. In this work, we investigate
whether positive emotional framing correlates
with higher perceived convincingness in politi-
cal arguments. We fine-tune language models
on argument quality datasets and test their abil-
ity to transfer convincingness predictions to
real-world campaign speeches. Using a corpus
of U.S. presidential campaign speeches, we an-
alyze emotional polarity in relation to predicted
persuasive strength to test whether positively
framed arguments are judged more convinc-
ing than neutral or negative ones. Our empir-
ical analysis shows that political parties rely
heavily on argumentation during their election
campaigns. Also, we found the evidence that
politicians strategically employ emotional cues
within their arguments during these campaign
speeches, with positive emotions being more
strongly associated with persuasive strength,
for example in topics such as USMCA’s Effect
on American Jobs and Agriculture, Border Con-
trol Policies, Progressive Tax Reforms. At the
same time, we find that negative emotions have
a weaker yet still non-negligible influence on
voter persuasion in topics such as City Crime
and Civil Unrest and White Supremacist Vio-
lence (Charlottesville Incident).

1 Introduction

Persuasion modeling estimates how convincing lan-
guage is based on its linguistic and rhetorical fea-
tures. Prior political psychology research shows
that emotional framing significantly shapes infor-
mation processing, attitude formation, and belief
revision (Petty and Cacioppo, 2012; Early, 2015;
Lerner et al., 2015; Rodriguez-Hernandez et al.,
2024). Positive affect is linked to greater mes-

*Equal contribution.

sage acceptance, trust, and credibility in persua-
sion (Shah, 2022; Hassell et al., 2022; Grüning and
Schubert, 2022). Despite the known link between
emotion and persuasion, it remains unclear whether
emotional tone consistently affects the perceived
convincingness of political arguments and whether
modern Natural Language Processing (NLP) mod-
els capture this in large-scale political discourse.
To address this gap, we hypothesize that positively
framed arguments are predicted to be more con-
vincing than neutral or negative ones.

Computational persuasion research has largely
focused on modeling argument quality, stance, and
rhetoric across debates, online discussions, and
social media (Marreddy et al., 2025; Lippi and
Torroni, 2016; Haddadan et al., 2019; Tan et al.,
2016; Qiu et al., 2015). In contrast, campaign
speeches, which are key to electoral messaging
and identity building, remain understudied com-
putationally. Unlike debates, which are adversar-
ial and episodic, campaign speeches are narrative
and affective, aimed at sustaining momentum and
alignment across elections (Ross, 2006; Chong and
Druckman, 2007). Large-scale analyses reveal sys-
tematic variation in emotional rhetoric across po-
litical actors and time (Gennaro and Ash, 2022;
Aroyehun et al., 2025), yet most focus on sentiment,
lexical patterns, or themes rather than persuasion
outcomes (Finity et al., 2021; Mohapatra and Mo-
hapatra, 2022). Thus, the link between emotional
tone and persuasive strength in campaign speech
remains underexplored.

Advances in argument mining and persuasion
modeling make it possible to study such questions
at scale (Lawrence and Reed, 2019; Wachsmuth
et al., 2016; Druckman, 2022). Neural language
models in particular have demonstrated strong
performance in predicting argument convincing-
ness and agreement across domains (Lawrence and
Reed, 2019; Wachsmuth et al., 2016; Druckman,
2022). However, whether these models exhibit
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stable emotion-sensitive persuasion patterns in po-
litical speech remains unknown.

To investigate this question, we examine persua-
sive framing in 2020 U.S. presidential campaign
speeches using Chalkiadakis et al. (2025)’s cor-
pus of 1 056 Democratic and Republican speeches
(Jan 2019–Jan 2021). We extract topic-aligned
arguments and assess their predicted convincing-
ness using models fine-tuned on persuasion and
argument-quality datasets. We also examine how
emotional polarity, especially positivity, relates to
predicted persuasiveness across candidate, topic,
and model scale.

We make three contributions: (1) We provide the
first large-scale empirical analysis examining how
emotional tone interacts with predicted persuasive
strength in real-world campaign speech. (2) We
evaluate whether persuasion modeling trained on
benchmark datasets transfers to political speech
through significance testing on downstream anal-
ysis. (3) We present a comprehensive empirical
analysis showing that both parties rely heavily on
argumentation in campaign speeches, with no sig-
nificant differences in overall argument usage or
aggregate argument quality, but with clear topic-
specific asymmetries in persuasive effectiveness
driven by emotional cues. In particular, we show
that positive emotions are more strongly associated
with persuasive strength, while negative emotions
also play a non-negligible role in persuasion for
certain topics.

2 Related Work

NLP has explored persuasion in political com-
munication through argument mining, emotional
rhetoric, and convincingness prediction. Early argu-
ment mining emphasized structure over persuasive
impact in political communication. For example,
Lippi and Torroni (2016) found that prosodic and
lexical features improve claim detection in debates,
while Menini et al. (2018) showed that argument
mining reveals ideological contrasts in presiden-
tial speeches. Large-scale resources like the 29K-
component corpus from Haddadan et al. (2019)
enabled systematic modeling of argument structure
across 50+ years of U.S. presidential campaigns.

Related literature examines emotion in political
speech. It shows systematic variation in sentiment
and affect across parties, candidates, audiences,
and campaign contexts (Mohapatra and Mohapa-
tra, 2022; Gennaro and Ash, 2022; Aroyehun et al.,

2025). However, these studies mostly focus on de-
scriptive emotional patterns rather than how emo-
tional tone shapes persuasive outcomes. Commu-
nication theory and psychology suggest that emo-
tional framing affects message acceptance, cred-
ibility judgments, and belief updating (Petty and
Cacioppo, 2012; Lerner et al., 2015; Shah, 2022).
Similarly, computational studies link emotion to
stance and engagement (Benlamine et al., 2015,
2017), with recent work revealing modeling biases,
such as overpredicting negative emotion in argu-
mentation (Greschner and Klinger, 2024).

A third line of work focuses on computational
persuasion modeling and convincingness predic-
tion. Early work introduced pairwise ranking
frameworks to estimate persuasive strength (Haber-
nal and Gurevych, 2016), later improved through
neural architectures capable of capturing stylistic
and discourse level signals (Chowanda et al., 2017).
Cano-Basave and He (2016) investigated the argu-
mentation styles of speakers in political debates
and modeled persuasion using audience reactions
such as applause and booing as proxies for emo-
tional response. Similarly, Quensel et al. (2025)
investigated the influence of subjective factors, in-
cluding emotions, on argument strength, with a
particular focus on persuasion.

Persuasion has also been modeled in online de-
bates and stance settings, including forecasting
agreement shifts and outcome prediction (Tan et al.,
2016; Qiu et al., 2015). Yet little work tests whether
persuasion-trained models capture emotional fram-
ing, especially in campaign speech, or whether
effects generalize across topics, speakers, or model
scale.

Unlike this prior work, we examine how
emotional tone relates to predicted persuasive-
ness in real-world U.S. campaign speeches and
whether persuasion-trained models reflect emotion-
sensitive persuasion patterns. In addition, we evalu-
ate these effects across multiple model families and
speaker contexts, allowing us to test the robustness
and generalizability of emotion–persuasion interac-
tions beyond the domains typically considered in
earlier computational persuasion studies.

3 Datasets Description

We use three datasets in this study: (1) an argument
detection corpus used to identify argumentative text
spans, (2) an argument quality dataset used to train
convincingness models, and (3) a campaign speech

38



corpus used for downstream analysis of persuasive
framing in political communication.

3.1 Argument Detection Dataset

In this work, we adopt a broad definition of argu-
mentation. A statement is considered argumenta-
tive if it expresses reasoning, justification, or sup-
port within a text, regardless of whether it functions
as a claim or as evidence. Accordingly, both claims
and evidence are treated as instances of argumenta-
tive language. To operationalize this definition, we
combine two existing argument detection datasets,
Ein-Dor et al. (2020) and Levy et al. (2018), to
construct the ArgDetect dataset. One dataset pro-
vides claim–topic pairs, while the other consists of
evidence–topic pairs; we merge these resources to
create a unified argument detection corpus. Dataset
statistics are reported in Appendix A and Table 2.

3.2 Argument Quality Dataset

For training a model to detect argument quality,
we used EviConv by Gleize et al. (2019) which is
a relative evidence ranking dataset. This dataset
contains a topic claim and two evidence statements
and a label. Label assigns which evidence is better
among the two. Since our objective is to conduct
a comparative analysis of argumentative strength
between political parties, this relative formulation
is a natural fit for our use case. In addition, adopt-
ing a ranking-based framework reduces sensitiv-
ity to dataset and modeling calibration issues that
commonly arise when transferring absolute con-
vincingness scores across domains (Ivanova et al.,
2024). The dataset statistics are presented in the
Appendix A Table 3.

3.3 Campaign Speeches Text Data (CSTD)

For our experiments, we use the Campaign
Speeches Text Data (CSTD) introduced by Chalki-
adakis et al. (2025) and released in Scientific Data.
The corpus comprises 1,056 campaign speeches
delivered by the Democratic and Republican presi-
dential and vice-presidential candidates during the
2020 U.S. election cycle, spanning January 2019
to January 2021.

4 Methodology

Rhetorical analysis of political speeches involves
identifying rhetorical components, such as argu-
ments, and quantifying them. To this end, we
first identify the latent topics present in campaign

speeches, followed by the extraction of argumen-
tative statements and the evaluation of their per-
suasive quality and associated emotional strength.
Therefore, we train models for argument detec-
tion and argument quality assessment and along
with that topic extraction is performed using unsu-
pervised topic modeling technique, while emotion
classification is conducted using SamLowe/roberta-
base-go_emotions 1 which was trained on the GoE-
motions dataset that includes 27 distinct emotion
labels. In the following subsections, we describe
each methodology in detail.

4.1 Argument Detection

For argument detection, we train traditional
machine learning (ML) models such as Logis-
tic Regression, Linear SVM, and Naive Bayes,
transformer-based models including bert-base-
uncased, roberta-base, and deberta-v3-large, and
large language models (LLMs) like Qwen2.5-
Coder-14B, Mistral-8B-Instruct-2410, and Llama-
3.1-8B-Instruct. The dataset is split into training
and test sets in an 80:20 ratio for all experiments.
For ML and transformer-based models, we concate-
nate the topic title with the sentence, separated by
a space, to form each training instance. With ML-
based models, we use TF-IDF and sentence embed-
dings (Reimers and Gurevych, 2019) (SE) features
based on unigrams and bigrams (maximum 10,000
features) with stopword removal. For transformer-
based modeling, we added a classification head on
top of each pretrained model for sequence classifi-
cation. To address the natural class imbalance of
argumentative versus non-argumentative sentences,
we apply a class-weighted cross-entropy loss (Phan
and Yamamoto, 2020). Model training uses a learn-
ing rate of 2e-5 and a weight decay of 0.01.

For efficient utilization of LLMs, we evaluate
their two-shot prompting capabilities, as zero-shot
settings often struggled to produce correctly format-
ted labels. The prompt used for two-shot evaluation
is provided in the Appendix B Section B.1. To op-
timize inference efficiency, we employ constrained
generation (Beurer-Kellner et al., 2023), restricting
the LLMs to output a single token corresponding to
the label (0 or 1). During generation, we consider
the probabilities of these two tokens to determine
the predicted label. For evaluation, we randomly
sample 200 instances from the test set, calculate

1https://huggingface.co/SamLowe/
roberta-base-go_emotions
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metrics, and repeat the experiment five times to
ensure stability.

4.1.1 Argument Quality Assessment
Similar to the argument detection task, we train a
set of traditional machine learning (ML) models,
transformer-based models, and evaluate two-shot
capabilities of LLMs. We divide the training set
of EviConv to create a validation split using a 9:1
ratio. For ML models, the topic and its two asso-
ciated evidence sentences are concatenated into a
single input text. Similar features and preprocess-
ing steps are applied as those used in the argument
detection modeling. For transformer-based model-
ing, we implement a Topic-Evidence Ranker that
scores evidence sentences relative to a given topic.
Each claim-evidence pair is encoded using a shared
pretrained transformer (e.g., bert-base-uncased),
and the resulting [CLS] token embedding is passed
through a two-layer MLP with a hidden size of 256
to produce a scalar relevance score. During infer-
ence, evidence sentences are ranked according to
these scores, with higher scores indicating more
persuasive argument. The model is trained using
pairwise ranking loss for three epochs to distin-
guish the more convincing evidence. For LLM eval-
uation, we adopt the same two-shot prompting ap-
proach, providing two-shot examples in the prompt
(see prompt in the Appendix B Section B.2).

4.1.2 CSTD Analysis
With the argument detection and argument qual-
ity ranking models in place, we first extract top-
ics from the CSTD using BERTopic (Grootendorst,
2022). To prepare the data, we aggregate clean
text from all speeches across all speakers into a
single corpus. The text is then chunked into seg-
ments of 512 tokens to prevent truncation, and
each chunk is embedded using sentence embed-
dings (all-MiniLM-L6-v2) and passed to BERTopic.
This setting allow us to capture the whole argu-
ment within a text chunk as an argument can span
to multiple sentences. For the generated topics, we
assign labels using LLMs. Specifically, multiple
LLMs including Gemma3 (Team et al., 2025) and
Qwen2.5 (Qwen et al., 2024) are prompted to sug-
gest labels, and a third LLM (Llama3.2) is used
to align and finalize the topic labels. Once topics
are established, we obtain the corresponding sen-
tences for each topic, which serve as input for the
argument detection model. Each topic-sentence
pair is processed to identify argumentative state-

ments within the CSTD. Subsequently, arguments
are grouped by political affiliation Republican or
Democratic. To compare arguments between par-
ties, we form pairs of opposing arguments for each
topic. These pairs, along with the associated topics,
are then evaluated using the argument quality rank-
ing model to determine which argument is more
persuasive. This process yields a ranked list of the
most compelling arguments for each topic, along
with their associated political party.

Finally, to examine the emotional content of the
identified arguments, all argumentative statements
are passed through an emotion classification model.
This enables analysis of the nuanced emotional
tone present in persuasive political statements.

5 Results and Discussion

In this section, we present, results from training
argument detection and argument quality model.
We also present the analysis on Campaign Speech
dataset including topic modeling and argument pre-
diction. Finally, we analyse the results with respect
to political affiliation, argument convincingness
and emotions involved.

5.1 Argument Modeling Results

Transformer-based models achieved the strongest
performance across both the argument detection
and argument quality assessment tasks. In ar-
gument detection, our primary objective was to
maximize precision in order to identify true ar-
gumentative statements with higher reliability.
Among ML models, Linear SVM with pretrained
sentence embeddings performed notably well,
achieving a precision of 0.77 and an F1-score of
0.74. In the two-shot LLM setting, Llama-3.1-
8B-Instruct demonstrated competitive performance,
suggesting that parameter-efficient fine-tuning (e.g.,
PEFT) could further enhance results. However,
transformer-based models particularly DeBERTa-
v3-large achieved the best performance, with a pre-
cision of 0.87 and an F1-score of 0.86 (see full
results in Table 1). This model was therefore se-
lected for extracting arguments from CSTD.

For argument quality assessment, we prioritized
accuracy, as the goal was to reliably determine
the more persuasive argument in each pair. ML
models again benefited substantially from sentence-
embedding features, which outperformed tradi-
tional TF-IDF representations. Among LLMs,
Ministral-8B-Instruct-2410 achieved the highest ac-
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Model ARGDETECT EVICONV

Precision F1 Accuracy F1

Logistic Regression (tf-idf) 0.78 0.72 0.50 0.48
Linear SVM 0.75 0.74 0.47 0.46
Naive Bayes 0.79 0.59 0.52 0.48
LR with SE 0.77 0.74 0.54 0.52

BERT-base-uncased 0.84 0.84 0.75 0.76
RoBERTa-base 0.84 0.84 0.78 0.79
DeBERTa-v3-large 0.87 0.86 0.78 0.78

Qwen2.5-Coder-14B 0.6321 ± 0.0211 0.4581 ± 0.0169 0.616 ± 0.0305 0.6166 ± 0.0305
Ministral-8B-Instruct-2410 0.6473 ± 0.0077 0.5098 ± 0.0154 0.658 ± 0.0223 0.6573 ± 0.0223
Llama-3.1-8B-Instruct 0.6353 ± 0.0196 0.6162 ± 0.0219 0.64 ± 0.045 0.6350 ± 0.0466

Table 1: Results of ML, Transformer, and LLM models on ARGDETECT and EVICONV, with macro-averaged
metrics. For LLMs, mean and standard deviation are from five two-shot samples of 200 instances. Italics mark the
best ML model; bold marks the best overall per dataset.

curacy (0.65). Transformer-based models such as
RoBERTa-base and DeBERTa-v3-large performed
comparably, and our Topic–Evidence Ranker im-
proved upon the baseline accuracy of 0.73 (Gleize
et al., 2019) across all pretrained model. For
downstream analysis of CSTD, we selected the
RoBERTa-base ranker (accuracy 0.78) for argu-
ment quality assessment.

5.2 Topic Modeling Results

After applying topic modeling to the CSTD, we
identified 88 interpretable topics (see full list in
the Appendix C). Although several topics exhib-
ited semantic proximity, we retained them as dis-
tinct categories to preserve thematic granularity in
downstream analysis. Across these topics, we ex-
tracted 11,944 topic-relevant sentences, of which
73% were produced by Republican candidates and
27% by Democratic candidates. Notably, 72 of the
88 topics were discussed by speakers from both
parties.

The most frequently discussed topics across all
campaign speeches were Border Control Policies,
Small Business Policy, and Political Alliances and
the USMCA’s Impact on American Jobs and Agri-
culture. Party-specific rankings reveal both conver-
gence and divergence. For Republicans, the top top-
ics include Border Control Policies and USMCA’s
Effect on American Jobs and Agriculture, both of
which appear in the overall top three, as well as U.S.
Election: Allegations of Government Corruption
and Family Scandals. In contrast, the Democratic
Party’s top three topics are markedly different: Uni-
versal Education Equity, Universal Access to Com-
prehensive Healthcare (Including Pre-existing Con-
ditions), and American Values Advocacy: Constitu-

tion, Law Enforcement, Faith, Family, and History.
Overall, Democratic speakers tend to empha-

size the expansion of social programs and civil
rights, including universal healthcare and educa-
tion, gun control, voting rights, and climate policy
through clean-energy initiatives. They also high-
light pandemic-related economic relief for individ-
uals and small businesses. Republican speakers,
by contrast, prioritize national security, traditional
values, and limiting federal intervention. Their dis-
course frequently centers on border control, “Amer-
ican values” (e.g., constitutionalism, faith, and fam-
ily), conservative judicial appointments (such as
pro-life positions regarding the Supreme Court),
investigations into alleged government corruption,
and election integrity. Additionally, Republicans
devote attention to trade-related economic effects
(e.g., USMCA) and veterans’ affairs.

5.3 Political Argument Detection

Using trained argument detection model (see sub-
section 4.1), we extract arguments used by the
politicians in the campaign speech data irrespec-
tive of the fact if its a claim or evidence. Overall
36.84% of the total text chunks were arguments.
Republican vice presidential candidate Mike Pence
emerged as one with highest argument percentage
while Donald Trump with least argument percent-
age as 34.81%.

Within the Democratic party, Joe Biden pro-
duced a higher proportion of arguments than Ka-
mala Harris. Certain topics demonstrated partic-
ularly high argument rates, including Tax Relief
for Family Farms and Small Businesses, COVID-
19 Testing Capacity Growth (US, Feb ’20), and
Job Dignity & Workplace Respect, which ranked
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Figure 1: Distribution of predicted arguments in the
campaign speech dataset. The stacked bars show the
number of argument (steelblue) and non-argument (light
gray) text chunks for the overall dataset, broken down
by party, and by individual candidate.

as the top three in argument density. Conversely,
topics such as U.S. Election: Allegations of Govern-
ment Corruption and Family Scandals and Amer-
ica Reclamation Movement exhibited lower argu-
ment rates. As illustrated in Figure 1, Democratic
speeches contained a higher percentage of argu-
ments overall compared to Republican speeches. It
should be noted, however, that the total number of
text chunks was greater for Republican speakers,
resulting in a higher absolute number of arguments
despite the lower proportion.

5.4 Political Argument Quality Analysis

For analyzing argument quality, we automatically
paired arguments for each topic between politicians
from different parties. For each topic, we extract
arguments are extracted independently for each
party, after which all possible cross-party argument
pairs are generated exhaustively. This setup al-
lous a direct comparison of argumentative strength
between parties and aligns naturally with our ar-
gument quality model, which is designed to per-
form relative comparisons between arguments. As
shown in Figure 2, the overall distribution of con-
vincing argument pairs is approximately balanced
between the two parties. Examining individual
performance, Kamala Harris achieves the highest
overall convincingness rate, outperforming both
Donald Trump and Mike Pence. When examining
convincingness at the topic level, Democratic ar-

Rep
ub

lic
an

Don
ald

Trum
p

M
ike

Pen
ce

Dem
oc

rat
ic

Jo
e Bide

n

Kam
ala

Harr
is

0

0.2

0.4

0.6

50.3% 49.9% 49.5% 49.7% 48.6%

55.7%

W
in

R
at

e
Figure 2: Pairwise convincingness by party and speaker.
Bars show win rates, with colors indicating party affilia-
tion (red = Republican, blue = Democratic).

guments exhibit a substantially higher overall rate:
65.5% of their arguments are judged more convinc-
ing, compared to 34.4% for Republican arguments.
This suggests that, despite variation across individ-
ual topics, Democratic speakers generally produce
more persuasive arguments. An overall semantic
map illustrating topic-level argument convincing-
ness is presented in Figure 3.

5.5 Emotions in Persuasive Political Discourse

In the previous section, we presented pairwise re-
sults of argument convincingness. To examine the
role of emotions in persuasive political discourse,
it is necessary to convert these pairwise results into
a single, argument-level convincingness score. To
achieve this, we calculate the argument convinc-
ingness rate by counting the number of times a
given argument is selected as the winning argu-
ment. These arguments are then processed through
an emotion detection model to obtain both the emo-
tion category and corresponding intensity.

Our analysis shows that more than half of the
arguments (56.5%) are classified as neutral. Be-
yond neutrality, positive emotions such as admira-
tion, approval, gratitude, and optimism are most
frequently associated with arguments. Among neg-
ative emotions, disapproval occurs most frequently,
followed by sadness, disappointment, and annoy-
ance. Interestingly, although only two arguments
are associated with anger, they exhibit high con-
vincingness rate (97.3%). Other negative emotions,
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Figure 3: Topic-Convincingness Map for CSTD with blue representing Democratic and red representing Republican

including fear, disapproval, and annoyance, also
correspond to arguments with high convincingness.
For positive emotions, curiosity, love, amusement,
desire, and surprise are among those linked to par-
ticularly persuasive arguments. Figure 4 shows
distribution of the most dominant emotions across
topics in CSTD.

In Republican arguments, the topics with the
highest convincing rates were City Crime and Civil
Unrest (100%) and Pennsylvania Fracking Regu-
lations (92%). For City Crime and Civil Unrest,
emotions observed included admiration, sadness,
love, annoyance, and disappointment, with inten-
sity analysis showing that sadness and annoy-
ance were more pronounced than admiration and
love. For Pennsylvania Fracking Regulations, dis-
approval and admiration appeared with comparable
intensity. Examining the most-discussed Republi-
can topics, such as USMCA’s Effect on American
Jobs and Agriculture and Border Control Policies,
we found that admiration, approval, and grati-
tude were prevalent, with admiration and gratitude
exhibiting the highest intensity.

In Democratic arguments, the most persuasive

topics were White Supremacist Violence (Char-
lottesville Incident) (98%) and Progressive Tax
Reforms (77%). For the Charlottesville Incident
related topic, key emotions included fear, approval,
and sadness, with fear and sadness showing high
intensity, though neutral statements constituted
83% of the total. For Progressive Tax Reforms,
the dominant emotions were approval and curios-
ity. Looking at the most-discussed Democratic
topics, such as American Values Advocacy, Uni-
versal Access to Comprehensive Healthcare, and
COVID-19 Mishandling (Early 2020), emotions
varied by topic. In COVID-19 Mishandling, sad-
ness and gratitude were prominent, with gratitude
exhibiting high intensity. In healthcare-related dis-
cussions, approval predominated, accompanied by
other emotions such as sadness and curiosity.

Overall, the analysis indicates that politicians
employ emotions strategically in their argumenta-
tion. For example, Democrats leverage negative
emotions such as fear and sadness when discussing
topics related to white supremacist violence, align-
ing their messaging with public concern on these is-
sues. In contrast, when addressing Progressive Tax
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Figure 4: Topic-Emotion Map for CSTD. Emotional tone used by both political parties across various topics
identified in the CSTD.

Reform, they predominantly use positive emotions
like approval to appeal to voters who support tax-
ing the wealthy. Similarly, Republican candidates
utilize positive emotions such as admiration and
approval when discussing the USMCA trade agree-
ment, whereas for topics like city crime and civil
unrest, particularly in states with active protests,
they employ negative emotions to resonate with
their voter base.

5.6 Randomization Based Significance Tests
To assess the statistical significance of our find-
ings, we conducted a series of randomization tests.
First, we examined argument detection results. By
maintaining the original proportion of text excerpts
per party, we randomly reassigned excerpts to each
party. A direct comparison between Democrats
and Republicans showed no significant difference
relative to the random baseline, indicating that the
observed difference in argumentative text propor-
tions could occur by chance.

Next, we investigated argument quality, mea-
sured via convincingness scores. All arguments
were randomly reassigned across parties while

keeping the number of arguments per party con-
stant, and average convincingness was computed in
each randomization. The observed results indicated
comparable convincingness between parties, with
Republicans exhibiting a slight advantage ( 0.5%).
Randomization testing, however, revealed no evi-
dence of a significant overall pairwise advantage
for either party.

We assessed topic-level argument comparisons.
For each topic, multiple pairwise comparisons be-
tween arguments were available, with the winner
of each comparison recorded. Randomization was
applied within topics by shuffling winners across
comparisons, and the resulting distributions were
compared to the observed win ratios. This anal-
ysis identified 10 topics in which Democratic ar-
guments exhibited a significant edge, indicating a
topic-specific advantage in convincingness. Sim-
ilarly, 15 topics were found in which Republican
arguments showed significant superiority.

Finally, we aggregated results across topics to
examine overall topic-level wins. In the observed
data, Democrats were the majority winner in 64%
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of topics based on argument convincingness (see
subsection 5.4). Randomization testing showed
that, despite near equivalence in global pairwise
wins, Democrats won significantly more topics
than expected by chance. This indicates a topic-
level advantage for Democrats that was not evident
from global pairwise comparisons alone.

6 Conclusion

We presented a computational analysis of campaign
speeches, focusing on emotion’s role in persuasive
discourse. To achieve this, we trained models for ar-
gument detection and argument quality assessment.
Our argument detection model achieved 0.87 pre-
cision, accurately identifying argumentative state-
ments in political speech. The argument quality
model achieved 0.78 accuracy, offering reliable
persuasiveness evaluation. Using these models, we
found that both parties rely heavily on argumenta-
tion in their U.S. political speeches. To assess argu-
ment effectiveness, we applied a rhetorical lens and
found that high-quality arguments boost persuasion,
with Democrats winning 65% of the time. Our anal-
ysis also shows that politicians strategically use
emotional cues to enhance message persuasiveness.
While our study is purely computational, we view
human supervision as an important direction for
future work to validate and complement these find-
ings. Future work will analyze arguments logically
to identify fallacies in political speech. Combining
logical, rhetorical, and emotional analyses could
reveal whether fallacious arguments are especially
persuasive and which emotions they evoke.

Limitations

There are few limitations to our study that should
be noted. First, while training the argument detec-
tion model, we did not split the data based on top-
ics. Although we subsequently tested the model us-
ing topic-based splits and observed minimal differ-
ences in performance, this approach may still over-
look subtle topic-specific patterns in argumenta-
tion. Second, our emotion detection model assigns
a single dominant emotion to each argument. In
reality, multiple emotions with varying intensities
can be associated with a single utterance. While
we partially addressed this by aggregating emotion
distributions at the speaker and topic levels, a more
fine-grained analysis would require a system capa-
ble of capturing the full emotion distribution for
each individual argument. Third, to identify argu-

mentative content in political speeches, we segment
the text into non-overlapping chunks of up to 512
tokens. While this chunking strategy allows us to
capture arguments that span multiple sentences, it
may also dilute argumentative signals, potentially
causing some argumentative content to be misclas-
sified as non-argumentative. Future work could
explore sequence-level or hierarchical modeling
approaches to more precisely capture argumenta-
tive structure within longer text spans. Finally, we
acknowledge that pretrained language models may
encode political or ideological biases, which could
influence convincingness predictions. Although
our randomization-based analyses mitigate some
aggregate effects, we cannot fully rule out such
biases, and we view this as an important limitation
of the current study.
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Overview of Appendix Sections

• Section A: Dataset Statistics

• Section B: LLM Prompts

• Section C: CSTD Topics

A Dataset Statistics

Statistic Train Validation
Total instances 25,542 6,386
Unique topics 240 236
Avg. sentences per topic 106.4 27.1
Avg. sentence length (tokens) 31.0 31.0

Table 2: Dataset statistics for the ARGDETECT corpus
split into train and validation.

Statistic Train Validation
Total instances 4,319 1,378
Unique topics 48 21
Avg. instances per topic 90 65
Avg. sentence length (tokens) 28 28

Table 3: Dataset statistics for the EVICONV corpus
across train and validation splits.

In this section, we present the full statistics of
the dataset used for argument detection (Table 2)
and argument quality assessment (Table 3) training.

B LLM Prompts

B.1 Argument Detection
Figure 5 shows the prompt that we used as an-
notation guidelines to obtain argument detection
annotations from LLMs.

B.2 Argument Quality Prompt
Figure 6 shows the prompt that we used as annota-
tion guidelines to obtain argument quality assess-
ment annotations from LLMs.

C Topics in CSTD

88 topics are shown in Table 4 extracted using
BERTopic and labelled using LLMs like Gemma3,
Qwen2.5 and Llama3.2.

C.1 Top 10 topics
Table 5 shows top 10 topics for Democratic party
where they exhibit higher convincingness. Simi-
larly, Table 6 shows the same for the Republican
party.

Argument Detection

You are an expert in argument mining
and discourse analysis. Your task is to
determine if a given Sentence/Statement
functions as an argument (a claim, reason,
or piece of evidence) for or against the
provided Topic.

The output should be a single integer:

• Label: 1 if the Sentence/Statement acts
as an argument (pro or con) for the
Topic.

• Label: 0 if the Sentence/Statement is
purely descriptive, definitional, or fac-
tually related to the Topic but does not
attempt to persuade, support, or chal-
lenge a viewpoint about it.

In other words, check if the Sen-
tence/Statement offers a reason why
someone should think a certain way about
the Topic.

Example 1:
Topic: Amnesty International
Sentence: In a report of November 1988,
Amnesty International said that the number
of prisons had increased to 644 and their
capacity had been raised from 55,000 to
more than 80,000 [REF].
Label: 0

Example 2:
Topic: Environmental technology
Sentence: Designed to transform the site
into a 21st-century global laboratory which
brings together business, education and
green technologies, it aims to create over
1,000 jobs for the local area and generate
£29m private sector investment.
Label: 1

Now answer the following:

Topic: {topic}
Sentence: {sentence}
Label:

Figure 5: Prompt for Argument Detection
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Argument Quality Assessment

You are an expert at evaluating the quality
of arguments based on evidence provided.
Given a claim and two pieces of evidence,
your task is to determine which piece of
evidence better supports the claim.

Even if both pieces of evidence are weak or
imperfect, you must choose the one that is
relatively better at supporting the claim.

Example 1:
Claim: We should legalize prostitution
Evidence 1: The appellants’ argument then,
more precisely stated, is that in criminaliz-
ing so many activities surrounding the act
itself, Parliament has made prostitution de
facto illegal if not de jure illegal.
Evidence 2: Feminists who hold such
views on prostitution include Kathleen
Barry, Melissa Farley, Julie Bindel, Sheila
Jeffreys, Catharine MacKinnon and Laura
Lederer; the European Women’s Lobby
has also condemned prostitution as "an
intolerable form of male violence".
Answer: 1

Example 2:
Claim: We should subsidize condoms
Evidence 1: In 2009, Lewis strongly
criticized Pope Benedict XVI’s assertion
that condom use only makes the AIDS
crisis worse.
Evidence 2: Green said that according to
the "best studies," condoms makes people
take wilder sexual risks, thus worsening the
spread of the disease.
Answer: 2

Now answer the following:

Claim: {claim}
Evidence 1: {evidence_1}
Evidence 2: {evidence_2}
Answer:

Figure 6: Prompt for Argument Quality Assessment
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ID Topic ID Topic
1 Veterans Healthcare Reform & Recognition 45 Venezuelan Democratic Crisis (Regime Transition)
2 U.S. Military Modernization Budget 46 Pennsylvania Fracking Regulations
3 Border Control Policies 47 Job Dignity & Workplace Respect
4 Georgia Senate Runoff Elections (Perdue–Warnock,

Loeffler–Ossoff)
48 U.S. New England Primaries

5 Jerusalem & Golan Heights Sovereignty Recognition 49 US Election Racial Tensions: Kamala Harris’s Con-
troversies

6 ISIS Caliphate Collapse 50 Voting Participation & Early Voting
7 Iran Nuclear Sanctions 51 Voter Integrity & 2020 US Election Contests
8 Mass Shootings at Houses of Worship (Anti-

Semitism)
52 NATO Alliance Funding Obligations

9 U.S. Space Governance and NASA Growth 53 Middle Class Empowerment & Labor Strength
10 Lunar and Martian Space Exploration 54 Progressive Tax Reforms
11 Small Business Policy and Political Alliances 55 Federal Agency Position Classification & Executive

Accountability
12 Tax Cuts & Deregulation 56 Universal Access to Comprehensive Healthcare (In-

cluding Pre-existing Conditions)
13 Minority Unemployment and Wage Growth 57 White Supremacist Violence (Charlottesville Incident)
14 Vocational Training & Apprenticeship Initiative (for

U.S. Workers)
58 Climate Resilient Clean Energy Infrastructure

15 Criminal Justice Reform & Sentencing Equity 59 Racial Equity and Community Policy
16 Gun Control Regulation 60 Foreign Election Interference Risk to U.S. Democracy
17 National Prayer and Faith Holiday 61 Refugee Policy & Admissions (Resettlement Increase)
18 American Values Advocacy: Constitution, Law En-

forcement, Faith, Family, History
62 Empowering Women Against Gender-Based Violence

19 U.S. Agricultural Policy & Farmer Support 63 Policy on National Security, Gun Control, & Immigra-
tion Economics

20 USMCA’s Effect on American Jobs and Agriculture 64 North Korea’s Nuclear Diplomacy (U.S., Russia fo-
cus)

21 Energy Independence & Resource Dominance 65 U.S. Intervention in Syria–Turkey Kurdish Conflict
22 U.S.-Iowa Economic Impact of USMCA 66 Suburban Women’s & Housing Safety Regulations
23 National Defense Expansion 67 Historic, Diverse, Inclusive Cabinet – Environmental

Priorities
24 Universal Education Equity 68 US COVID-19 Health Policy & Treatments
25 Supreme Court Appointments (Pro-Life Focus) 69 Affordable Prescription Drugs & Transparent Health-

care
26 Voting Rights and Civil Rights Advocacy 70 City Crime and Civil Unrest
27 Manufacturing Economic Renaissance 71 Dreamer Citizenship Policy
28 Impact of Soleimani’s Death on Terrorism in Iraq 72 Hispanic Voting Trends in Florida
29 Ukraine Impeachment Inquiry (Russia Ties) 73 Right-to-Try Drug Access Laws
30 Michigan Automotive Resurgence (Political Implica-

tions)
74 COVID-19 Mask Policies & Public Health

31 Late-Term Abortion and Fetal Rights 75 Mail-In Ballot Integrity and Fraud Issues
32 Economic Freedom and Anti-Socialism in America 76 America Reclamation Movement
33 Police Reform & Racial Equity 77 Public Gathering Management Policies & Controver-

sies
34 Law Enforcement Reform & Support 78 Stock Market Performance & Investing
35 COVID-19 Manufacturing Response (Ventilators) 79 Tax Relief for Family Farms and Small Businesses
36 COVID-19 Testing Capacity Growth (US, Feb ’20) 80 Opioid Crisis Treatment Across Regions (Montana &

Kentucky)
37 Pandemic Economy Aid for Small Businesses & Work-

ers
81 Politics of Anti-Immigration in Minnesota (re: Omar)

38 COVID-19 Mishandling (Early 2020) 82 Household Appliance Water Efficiency Regulations
39 Veterans Healthcare Accountability Act 83 Media Ownership Impact on News Reporting & Bias
40 Police Funding Reform & Systemic Racism 84 Boeing Contract Cancellation Fees
41 Global COVID-19 Vaccination Efforts 85 Monument Preservation vs Removal Conflict
42 U.S. Election: Allegations of Government Corruption

and Family Scandals
86 Politics and Law Enforcement

43 Firearms Regulation and Second Amendment 87 Rape Kit Backlog & Victim Support Services
44 Border Security for Refugees from Conflict Areas 88 September 11 Heroes & Flight 93 Tribute

Table 4: Topics extracted using BERTopic and labelled using LLMs like Gemma3, Qwen2.5 and Llama3.2
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Topic Dem Wins Rep Wins Dem Win Rate
COVID-19 Mask Policies & Public Health 54 0 1.000
Border Security for Refugees from Conflict Areas 30 0 1.000
City Crime and Civil Unrest 34 0 1.000
Job Dignity & Workplace Respect 74 0 1.000
Michigan Automotive Resurgence 27 0 1.000
Pennsylvania Fracking Regulations 72 6 0.923
Hispanic Voting Trends in Florida 11 1 0.917
USMCA (Iowa Economic Impact) 56 7 0.889
September 11 Heroes & Flight 93 Tribute 14 2 0.875
Voting Participation & Early Voting 47 7 0.870

Table 5: Top 10 topics where Democratic speakers were more convincing.

Topic Dem Wins Rep Wins Dem Win Rate
U.S. New England Primaries 0 4 0.000
America Reclamation Movement 0 7 0.000
White Supremacist Violence (Charlottesville) 1 42 0.023
Minority Unemployment & Wage Growth 16 124 0.114
Lunar and Martian Space Exploration 11 65 0.145
Iran Nuclear Sanctions 15 54 0.217
Empowering Women Against Gender-Based Violence 18 48 0.273
Veterans Healthcare Reform & Recognition 55 141 0.281
Mail-In Ballot Integrity & Fraud Issues 309 559 0.356
NATO Funding Obligations 36 58 0.383

Table 6: Top 10 topics where Republican speakers were more convincing.
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Abstract

Large language models (LLMs) are now widely
used in applications that depend on closed-
ended decisions, including automated surveys,
policy screening, and decision-support tools.
In such contexts, these models are typically ex-
pected to produce consistent binary or ternary
responses (for example, Yes, No, or Neither)
when presented with questions that are semanti-
cally equivalent. However, recent studies show
that LLM outputs can be influenced by rela-
tively minor changes in prompt wording, rais-
ing concerns about the reliability of their de-
cisions under paraphrasing. In this paper, we
conduct a systematic analysis of paraphrase ro-
bustness across five widely used LLMs. To
support this evaluation, we develop a con-
trolled dataset consisting of 200 opinion-based
questions drawn from multiple domains, each
accompanied by five human-validated para-
phrases. All models are evaluated under de-
terministic inference settings and constrained
to a fixed Yes/No/Neither response format. We
assess model behavior using a set of comple-
mentary metrics that capture the stability of
each evaluated model. DeepSeek Reasoner
and Gemini 2.0 Flash show the highest sta-
bility when responding to paraphrased inputs,
whereas Claude 3.7 Sonnet exhibits strong in-
ternal consistency but produces judgments that
differ more frequently from those of other mod-
els. By contrast, GPT-3.5 Turbo and LLaMA 3
70B display greater sensitivity to surface-level
variations in prompt phrasing. Overall, these
findings suggest that robustness to paraphras-
ing is driven more by alignment strategies and
reasoning design choices than by model size
alone.

1 Introduction

LLMs have become an enabling technology across
many aspects of life. They can generate natural lan-
guage and assist across a wide range of domains,
including healthcare, education, public policy, and

e-commerce (Naveed et al., 2025; Siino et al., 2025;
Raiaan et al., 2024). However, in many real-world
scenarios LLMs are not mainly used for long-form
text generation. Instead, they are also deployed to
produce direct decisions, typically in the form of
binary or ternary responses such as Yes, No, or Nei-
ther. These decisions can influence significant pro-
cesses, including clinical triage, policy assessment,
and public opinion analysis, making the reliability
and stability of model outputs especially important
(Buhnila et al., 2024; Karanjai et al., 2025). De-
spite their strong performance, LLMs are known
to be sensitive to variations in prompt formulation
(Wang et al., 2021; Errica et al., 2025). Multiple
studies have shown that semantically equivalent
inputs may cause models to generate different out-
puts which slightly differ in wording, syntax, or
structure. This has been examined extensively in
open-ended generation tasks, while it has received
less attention in closed-ended settings. In practice,
even minor rephrasing—such as substituting syn-
onyms or reordering clauses—can lead to changes
in binary judgments, potentially undermining trust
in downstream systems.

This study addresses this gap by systematically
evaluating the robustness of five state-of-the-art
LLMs—OpenAI GPT-3.5 Turbo, Claude 3.7 Son-
net, DeepSeek Reasoner, Google Gemini 2.0 Flash,
and LLaMA 3 70B—when responding to para-
phrased opinion prompts. We construct a dataset
of 200 opinion questions spanning multiple do-
mains, each paired with five LLM-generated and
human-validated paraphrases. Model behavior is
analyzed under controlled conditions using a fixed
Yes/No/Neither response format. By measuring
consistency, agreement, and variability across para-
phrased inputs, this work provides insight into how
different model design and alignment choices influ-
ence decision stability under semantic equivalence.

Our findings provide new insights into how
LLMs respond to paraphrased opinion prompts,
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highlighting both recent progress in improving de-
cision stability and the continued need for careful
evaluation of robustness in closed-ended, decision-
oriented applications.

The remainder of this paper is organized as fol-
lows. Section 2 reviews prior work on LLM robust-
ness, paraphrasing, and opinion-focused question
answering. Section 3 describes the methodology
and experimental setup. Section 4 presents the re-
sults along with a comparative analysis, followed
by discussion, ethical considerations and limita-
tions.

Prior studies have shown that LLM outputs can
change under paraphrased inputs. However, most
existing work primarily examines response stabil-
ity within specific application domains, such as
psychometric questionnaires or political opinion
surveys (Haller et al., 2024). For example, recent
large-scale analyses generate multiple paraphrases
per item and evaluate response validity and sta-
bility across models. While these studies provide
important insights into paraphrase robustness, they
typically focus on domain-specific settings or eval-
uate robustness using a single perspective, such as
response variance or validity.

In contrast, this work systematically measures
sensitivity to paraphrased opinion prompts using
controlled prompt groups and consistency-based
evaluation metrics across multiple modern LLM
families. Rather than evaluating stability only at
the individual prompt level, we analyze consistency
patterns across structured paraphrase groups and
across models. This enables a comparative and
model-agnostic analysis of paraphrase sensitivity
in closed-ended opinion tasks. Furthermore, the
dataset and evaluation framework introduced in
this work are designed to support reproducible
cross-model analysis under semantically equiva-
lent prompt variations, providing a complementary
perspective to prior stability-focused studies.

Fine-tuning and instruction modification are as
important as pretraining when adapting LLMs for
practical deployment (Wu et al., 2025). Instruction
tuning ensures that models behave in accordance
with human intent by training them on carefully
curated prompt–response pairs, often combined
with reinforcement learning from human feedback
(RLHF) (Ouyang et al., 2022). Modern LLMs such
as ChatGPT and Gemini demonstrate that instruc-
tion tuning improves instruction-following, coher-
ence, and safety alignment (Kalla et al., 2023; Deng
et al., 2025; Team et al., 2024). These alignment

and tuning choices strongly influence how models
respond to variations in prompt formulation.

Paraphrasing preserves the semantic meaning
of a question while modifying its surface form
through lexical, syntactic, or grammatical changes
(Bhagat and Hovy, 2013). An increasing body of
research demonstrates that surface-level variations
in prompt wording can significantly influence LLM
behavior. These findings highlight the strong sensi-
tivity of LLMs to prompt phrasing. Paraphrasing is
commonly used to improve model performance and
robustness by rephrasing prompts while preserving
semantic intent. However, this also exposes an im-
portant limitation: semantically equivalent prompts
do not always produce consistent model outputs,
particularly in decision-making and classification
settings. The CheckList behavioral testing frame-
work (Ribeiro et al., 2020) evaluates model robust-
ness using capability-based test suites designed to
expose systematic model weaknesses.Recent stud-
ies further confirm that LLM outputs can vary sub-
stantially across paraphrased prompts, even when
response formats are constrained and tasks are
closed-ended (Haller et al., 2024).

In the context of opinion-focused question an-
swering, paraphrasing introduces additional chal-
lenges beyond sentiment classification, including
the identification of opinion holders. Kim and
Hovy 2005 established opinion-holder recognition
as a ranking problem among candidate entities,
demonstrating that grammatical structure and con-
textual signals are critical for accurate attribution.
Prior work on human respondents has also shown
that paraphrased question formulations can alter
how individuals interpret opinion expressions, af-
fecting categorization and extraction performance
(Uemlianin, 2000). Similarly, studies on LLMs
show that semantically equivalent paraphrases can
lead to different model outputs and reduced deci-
sion stability (Haller et al., 2024).

Paraphrasing also presents challenges for robust-
ness and detection. Prior work shows that adver-
sarial paraphrasing can significantly degrade the
performance of AI-generated text detectors, while
training on paraphrased examples can improve de-
tection robustness (Kurt Pehlivanoğlu et al., 2024;
Lau and Zubiaga, 2025). Beyond automated sys-
tems, prompt formulation has also been shown to
shape human–AI interaction, influencing user trust,
reliance, and decision diversity in mixed human–AI
decision-making settings (Lai et al., 2023; Chen
et al., 2023). Together, these findings demonstrate
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that prompt phrasing affects both model behavior
and downstream human interpretation.

Although previous studies have investigated the
effects of paraphrasing in open-ended generation,
retrieval, detection, and relevance judgment tasks,
comprehensive evaluation of paraphrase robustness
in closed-ended, decision-oriented opinion prompts
remains limited. In particular, the consistency of
fixed Yes/No/Neither responses under controlled
paraphrase variation has not been systematically
evaluated across multiple modern LLM families.
This gap directly motivates the empirical evaluation
presented in this work, which measures response
consistency under controlled paraphrase variation
across diverse LLM architectures.

2 Methodology

This section describes the experimental design used
to evaluate the robustness of large language mod-
els (LLMs) to paraphrased opinion prompts. We
outline the construction of the paraphrase dataset,
the selection of evaluated models, the prompt exe-
cution protocol, and the quantitative metrics used
to measure consistency and agreement.

The experimental setup used in this work was
designed specifically to address the research objec-
tive of measuring paraphrase sensitivity in closed-
ended opinion prompts, rather than directly adopt-
ing a single existing evaluation methodology. How-
ever, the design is conceptually aligned with prior
work on robustness and behavioral evaluation of
NLP systems, which emphasizes evaluating model
behavior under semantically equivalent input trans-
formations and paraphrased prompts (Ribeiro et al.,
2020; Haller et al., 2024).

Building on these evaluation principles, this
work introduces a task-specific framework based
on controlled paraphrase groups and consistency-
based metrics across multiple modern LLM fami-
lies. This enables systematic cross-model compari-
son while maintaining consistency with established
robustness evaluation practices.

All experiments were conducted under con-
trolled and deterministic conditions to ensure that
observed variations in model outputs were at-
tributable to paraphrase differences rather than sam-
pling randomness or decoding variability.

2.1 Data Collection

A set of 200 distinct opinion prompts spanning
technology, public policy, work culture, and ed-

ucation was generated using OpenAI’s ChatGPT-
4o-mini model. Prompt generation was guided by
domain-balanced topic selection to ensure coverage
across major societal and decision-oriented themes.
For each original prompt, five paraphrased variants
were generated using the same model, yielding
a total of 1,200 items (200 original prompts and
1,000 paraphrases). All automatically generated
paraphrases were manually reviewed and verified
by the authors to ensure semantic equivalence with
the original question. To illustrate the nature of the
paraphrasing process, Table 1 presents a represen-
tative example consisting of one original opinion
question and its corresponding paraphrased vari-
ants.

The paraphrase validation process was con-
ducted through manual review by one of the au-
thors to ensure semantic equivalence between each
paraphrased prompt and its corresponding orig-
inal question. During this process, paraphrases
were evaluated for preservation of intent, opinion
framing, and decision context. Paraphrases that in-
troduced semantic drift, ambiguity, or unintended
bias were either corrected or regenerated. Overall,
approximately 7% of the automatically generated
paraphrases required minor manual adjustments
to ensure semantic consistency with the source
prompt.

Because validation was performed by a single
annotator, no inter-annotator agreement metric was
computed. However, a consistent validation proto-
col was applied across all prompts, focusing on se-
mantic equivalence, grammatical correctness, and
preservation of response intent.

To support reproducibility and facilitate future
research, the dataset is publicly released via Hug-
ging Face under the name Paraphrased Opinion
Prompt Sensitivity (POPS) Dataset1

2.2 Model Selection and Specifications

We deliberately selected a diverse set of language
models to capture variation across model size, rea-
soning capability, and deployment properties, as
summarized in Table 2. The selected models rep-
resent diversity across deployment type, reasoning
specialization, and alignment design rather than
strict parameter scale comparisons. The evaluation
includes both open-weight and closed, provider-
managed systems, as well as models optimized

1https://huggingface.co/datasets/mazew2000/
Paraphrased_Opinion_Prompt_Sensitivity_Dataset_
POPS
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1 Original
Opinion
Question

Do you believe higher edu-
cation should be provided
at no cost to students?

2 Paraphrased
Questions

Should governments
eliminate tuition fees for
university-level education?

3 In your opinion, should col-
lege education be free for
everyone?

4 Would it be fair to make uni-
versity education accessible
without financial burden?

5 Do you support the idea of
publicly funded college ed-
ucation for all citizens?

6 Should students have the
right to attend university
without paying tuition fees?

Table 1: Sample Original Opinion Prompt and Corre-
sponding Paraphrased Questions

for general-purpose reasoning and models specifi-
cally designed for structured reasoning tasks. This
diversity enables comparative analysis across per-
formance, operational cost, latency, and real-world
deployment constraints.

As shown in Table 2, Claude 3.7 Sonnet and
GPT-3.5 Turbo represent closed, provider-managed
models designed for strong safety alignment, re-
liability, and production integration. LLaMA 3
70B represents a large open-weight model support-
ing full customization, local deployment, and re-
search flexibility (Ersoy and Erşahin, 2024; Gue
et al., 2024). DeepSeek Reasoner was included
to capture reasoning-specialized behavior under
structured decision tasks, while Gemini 2.0 Flash
represents a low-latency model optimized for real-
time interaction scenarios (Comanici et al., 2025).
Together, these models enable comparative evalua-
tion across differences in deployment architecture,
reasoning behavior, alignment strategy, and system-
level trade-offs.

2.3 Prompt Design and Experimental
Execution

To ensure consistent and deterministic model be-
havior, all prompts were issued under a fixed sys-
tem instruction: “You are a strict yes-or-no an-
swerer. For each question, answer with exactly
‘Yes’, ‘No’, or ‘Neither’. No numbering, no ex-
tra text.” This instruction was applied verbatim to

every request. In addition, the temperature param-
eter was set to 0.0 for all model calls, minimiz-
ing stochastic variation and ensuring that observed
response differences arose from paraphrase varia-
tion rather than sampling randomness. To comply
with rate-limit constraints and maintain execution
stability, prompts were dispatched sequentially in
fixed-size batches of ten, with a 200 ms delay en-
forced between API calls. No parallelization was
employed, ensuring strict request ordering.

2.4 Evaluation Metrics
Four primary metrics were computed for each
model to quantify robustness and comparison under
paraphrase variation.

Consistency Rate (CR). Consistency Rate mea-
sures the proportion of paraphrased responses that
match the majority answer within each question
group. For a question group q with P paraphrases,
it is defined as:

CRq =
1

P

P∑

i=1

I
(
aq,i = amaj

q

)
, (1)

where I(·) is the indicator function. The overall
model consistency is obtained by averaging CRq

across all Q questions.

Pairwise Agreement (PA). Pairwise Agreement
measures the proportion of identical responses pro-
duced by two models M1 and M2 on the same
prompts:

PA(M1,M2) =
1

N

N∑

i=1

I
(
a
(M1)
i = a

(M2)
i

)
, (2)

where N denotes the total number of prompts.

Cohen’s Kappa (κ). Cohen’s Kappa evaluates
agreement between a model’s responses to original
prompts and their paraphrases while correcting for
chance agreement:

κ =
po − pe
1− pe

, (3)

where po is the observed agreement and pe is the
expected agreement under random labeling.

Aggregate Statistics. For each model, the mean
consistency rate and 95% confidence intervals
across question groups were computed to summa-
rize overall robustness and uncertainty in model
responses under paraphrased prompts.
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Attribute Claude 3.7 Son-
net

LLaMA 3 70B DeepSeek Rea-
soner

Gemini 2.0 Flash GPT-3.5 Turbo

Parameters Not publicly dis-
closed

70B (open
weights)

Not publicly dis-
closed

Not publicly dis-
closed

Not publicly dis-
closed

Reasoning Orientation General-use General-use Reasoning-
oriented

Paraphrase-robust General-use

Context Window Large (varies
plan/API)

8k tokens (stan-
dard LLaMA 3)

Varies by offer-
ing/API

Varies by offer-
ing/API

Up to 16k (variant-
dependent)

Inference Cost Moderate–High
(relative)

Moderate
(deployment-
dependent)

Moderate (rela-
tive)

Low (relative) Low (relative)

Latency Low–Moderate
(deployment-
dependent)

Moderate
(hardware-
dependent)

Moderate (rela-
tive; deployment-
dependent)

Low (deployment-
dependent)

Low (deployment-
dependent)

Fine-tuning / Plugins No public fine-
tuning

Fully customiz-
able (open-
weight)

No public fine-
tuning

Limited (prompt-
based)

Supports fine-
tuning and
function calling

Safety & Robustness Provider-aligned
safety tuning

User/deployment
controlled

Provider-
dependent safety

Provider-aligned
safety tuning

Provider-aligned
safety tuning

Primary Strengths Strong reasoning
and writing, long-
context use cases

Open-weight flexi-
bility; on-prem de-
ployment

Reasoning-
centric behavior

Fast interactive re-
sponses

Mature tooling
ecosystem

Ideal Use Cases Document-heavy
workflows, assis-
tants

Research and cus-
tom deployments

Reasoning-
centric evaluation
pipelines

Real-time chat
systems

Prototyping and
assistants

Table 2: Model Selection and Comparative Specifications

3 Results and Comparison

This section presents a quantitative analysis of
how consistently each evaluated language model
responds to paraphrased versions of the same opin-
ion questions. Using multiple complementary met-
rics, we examine both within-model stability and
cross-model alignment under controlled rewording
conditions.

Figure 1 presents the mean consistency rates
across question groups for the five evaluated lan-
guage models together with 95% confidence in-
tervals. Overall, all models exhibit high consis-
tency under paraphrased versions of the same opin-
ion questions, indicating substantial robustness to
superficial prompt rewording. However, measur-
able differences in consistency are observed across
models. DeepSeek Reasoner achieves the high-
est mean consistency rate (approximately 91%),
followed closely by Gemini 2.0 Flash (approxi-
mately 90–91%). Both models also show relatively
narrow confidence intervals, indicating stable be-
havior across paraphrase groups. Claude 3.7 Son-
net demonstrates strong performance with a mean
consistency rate around 90%, though with slightly
higher variability. GPT-3.5 Turbo and LLaMA
3 70B show lower mean consistency and wider
uncertainty ranges, suggesting greater sensitivity
to paraphrase variation. In practical terms, while
all models demonstrate generally robust behavior,

Figure 1: Mean consistency rate across question groups
for each evaluated model with 95% confidence intervals.
Error bars indicate uncertainty in consistency estimates
across paraphrase groups.

DeepSeek Reasoner and Gemini 2.0 Flash exhibit
the most stable response patterns under paraphras-
ing, making them particularly suitable for appli-
cations requiring consistent closed-ended decision
outputs.

Figure 2 illustrates the pairwise agreement ma-
trix across all models, revealing how frequently
two models produce identical responses to the same
prompts. As expected, perfect self-agreement ap-
pears along the diagonal. Among off-diagonal en-
tries, the highest agreement is observed between
GPT-3.5 Turbo and LLaMA 3 70B at 92.9%, in-
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Figure 2: Pairwise Agreement Matrix Between Evalu-
ated Language Models

dicating that these two models frequently reach
the same binary conclusions despite originating
from different providers. High agreement is also
observed between Gemini 2.0 Flash and LLaMA
3 70B, as well as between Gemini 2.0 Flash and
GPT-3.5 Turbo, with values in the 77–79% range.
These results suggest that Gemini’s decision be-
havior aligns closely with that of GPT-3.5 Turbo
and LLaMA 3 70B. DeepSeek Reasoner demon-
strates moderate agreement (approximately 70%)
with most other models, indicating broadly similar
but less tightly coupled decision boundaries. In
contrast, Claude 3.7 Sonnet consistently exhibits
low agreement with all other models, ranging from
33% to 48%. This divergence suggests that Claude
applies a substantially different internal decision
strategy for binary opinion questions. In ensemble
settings, Claude’s outputs may therefore require
careful weighting or fallback mechanisms to avoid
instability arising from inter-model disagreement.
Figure 3 reports each model’s self-consistency us-
ing Cohen’s Kappa (κ), which measures agreement
between responses to original prompts and their
paraphrased variants while correcting for chance
agreement. Claude 3.7 Sonnet achieves the high-
est Kappa score (κ = 0.665), indicating substan-
tial agreement beyond chance and strong internal
stability under paraphrasing. DeepSeek Reasoner
(κ = 0.638) and Gemini 2.0 Flash (κ = 0.642)
follow closely, confirming that these models gen-
eralize their binary decisions reliably across lex-
ical and syntactic variations. By comparison,
LLaMA 3 70B (κ = 0.312) and GPT–3.5 Turbo
(κ = 0.307) fall within the fair agreement range.
While these models still achieve high raw consis-

Figure 3: Self-Consistency of Language Model Outputs
(Cohen’s Kappa)

tency rates, their lower Kappa values indicate that a
larger portion of the observed agreement can be at-
tributed to chance. This suggests greater sensitivity
to paraphrase-induced variation when evaluated un-
der a chance-corrected reliability framework, rather
than implying direct flip probabilities.

Collectively, these results reveal three distinct
robustness profiles:

• High and stable: DeepSeek Reasoner and
Gemini 2.0 Flash.

• High but moderately variable:
Claude 3.7 Sonnet and GPT–3.5 Turbo.

• Lower and highly variable: LLaMA 3 70B.

For applications requiring predictable binary out-
puts under paraphrase variation, DeepSeek Rea-
soner and Gemini 2.0 Flash emerge as the
strongest candidates. Claude 3.7 Sonnet and
GPT–3.5 Turbo remain viable but may benefit from
ensemble voting or post-processing safeguards,
while LLaMA 3 70B should be deployed with ad-
ditional validation mechanisms when phrasing sta-
bility is critical.

4 Discussion and Conclusion

This paper presented a systematic evaluation of
large language model sensitivity to paraphrased
opinion prompts using a controlled dataset and
consistency-based evaluation framework. The re-
sults demonstrate that while modern LLMs exhibit
high overall consistency across paraphrased inputs,
measurable variability remains even under seman-
tically equivalent prompt transformations. These
findings reinforce the importance of considering
prompt formulation as a key factor influencing
model behavior in structured decision tasks.
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Beyond confirming previously observed prompt
sensitivity behavior, this work contributes three
primary advances. First, it introduces a new evalu-
ation setting focused specifically on closed-ended,
decision-oriented opinion prompts, which remain
underexplored compared to open-ended generation
and domain-specific robustness studies. Second, it
proposes a reproducible evaluation methodology
based on controlled paraphrase groups and con-
sistency metrics, enabling systematic cross-model
comparison under deterministic inference condi-
tions. Third, the empirical results provide new
insight into robustness mechanisms, suggesting
that alignment strategies, reasoning specialization,
and deployment design contribute more strongly to
paraphrase robustness than parameter scale alone.

The publicly released Paraphrased Opinion
Prompt Sensitivity (POPS) dataset further supports
reproducibility and future research by enabling
consistent benchmarking of paraphrase robustness
across models and architectures. This resource
allows researchers to extend evaluation beyond
single-prompt testing and toward structured robust-
ness assessment under semantically controlled vari-
ation.

Future work may expand this framework to mul-
tilingual settings, open-ended generation tasks, and
interactive multi-turn decision scenarios. Addition-
ally, integrating human evaluation and uncertainty-
aware benchmarking methods could provide deeper
insight into how paraphrase sensitivity influences
real-world human–AI decision workflows.

Overall, this work highlights the importance of
evaluating LLM robustness not only across tasks
and domains, but also across semantically equiva-
lent prompt formulations. Understanding and im-
proving decision stability under paraphrase vari-
ation will be critical for reliable deployment of
LLMs in real-world decision-support applications.

Limitations

Our evaluation was conducted under a single de-
terministic inference setting with the temperature
fixed to zero, and therefore does not capture how
paraphrase robustness may vary under stochas-
tic decoding conditions. In addition, paraphrased
prompts were generated by a language model and
manually validated, which may not fully reflect the
linguistic diversity of paraphrases produced by hu-
man experts. Exploring robustness across different
inference settings and human-authored paraphrases

is an important direction for future work.
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Abstract

The rise of misinformation and opinionated ar-
ticles has made understanding how misleading
or biased content influences readers an increas-
ingly important problem. While most prior
work focuses on detecting misinformation or
deceptive language in real time, far less atten-
tion has been paid to how such content is per-
ceived by readers, which is an essential compo-
nent of misinformation’s effectiveness. In this
study, we examine whether highlighting sub-
jective sentences in news articles affects per-
ceived trustworthiness. Using a controlled user
experiment and 1,334 article–participant rat-
ings, we find that highlighting subjective con-
tent produces a modest yet statistically signifi-
cant decrease in trust, with substantial variation
across articles and participants. To explain this
variation, we model trust change after high-
lighting subjective language as a function of
article-level linguistic features and reader-level
attitudes. Our findings suggest that readers’ re-
actions to highlighted subjective language are
driven primarily by characteristics of the text
itself, and that making subjective language ex-
plicit plays a role in shaping perceived trust-
worthiness.

1 Introduction

Trust in media has reached an unprecedented low,1

even as the internet enables news to circulate with
unprecedented speed and reach. This combination
has created fertile ground for misinformation and
disinformation, which continue to produce serious
societal and public health consequences (Vosoughi
et al., 2018; Vasist et al., 2024; Ruohonen, 2024).
The impact of misleading content is especially pro-
nounced when individuals find it believable.

Believability is closely tied to perceptions of
trust, including trust in the author, the outlet, or the

1https://news.gallup.com/poll/403166/
americans-trust-media-remains-near-record-low.
aspx

narrative being presented. Prior work shows that
readers often rely on textual cues to assess whether
an article appears balanced, fair, or biased, and
these trust judgments strongly shape whether they
accept or reject the information (Rodrigo-Ginés
et al., 2024; Gabriel et al., 2022).

Understanding how people respond to news as
they encounter it is therefore a critical (Gabriel
et al., 2022) and understudied challenge. Read-
ers do not process all information uniformly: the
same article may elicit skepticism, acceptance, or
indifference depending on how it is framed and
perceived. Capturing these responses has practical
implications for how media platforms allocate fact-
checking resources, prioritize interventions, and
curate content for different audiences. In particu-
lar, expending effort on content that readers easily
dismiss as untrustworthy may be less effective than
addressing cases where subtle linguistic cues shape
perceptions of credibility and persuasion (Babaei
et al., 2021).

While much prior work has focused on
computational approaches for identifying fake
news or manipulative content, including propa-
ganda (Sprenkamp et al., 2023; Sharma et al.,
2025), deception (Velutharambath et al., 2024;
Rani et al., 2025), and misleading claims in
text (Pérez-Rosas et al., 2018; Volkova and Jang,
2018), these approaches largely operate indepen-
dently of how content is perceived by readers. Yet,
as trust judgments are formed during reading an
article, understanding which linguistic signals in-
fluence these perceptions is critical for explaining
why certain content appears credible or persuasive
in the first place.

A central factor in these judgments is subjective
language, which refers to the presence of opinions,
attitudes, or emotionally charged language in the
text (Wiebe et al., 2004). Subjective writing may
signal author bias, but readers do not always no-
tice such cues on their own. This creates an impor-

60

https://news.gallup.com/poll/403166/americans-trust-media-remains-near-record-low.aspx
https://news.gallup.com/poll/403166/americans-trust-media-remains-near-record-low.aspx
https://news.gallup.com/poll/403166/americans-trust-media-remains-near-record-low.aspx


tant intersection between misinformation, trust, and
subjectivity, as subjective framing can increase the
persuasive power of content even when the under-
lying claim is unsupported, provided that readers
interpret it as trustworthy.

In this study, we focus not on determining
whether news is factually accurate, but on under-
standing how readers perceive the trustworthiness
of the text they encounter. While detecting sub-
jectivity has been extensively studied in the lit-
erature (Wiebe et al., 2004; Antici et al., 2024;
Shokri et al., 2024; Elbouanani et al., 2025), far
less is known about how making subjectivity ex-
plicit affects readers’ trust judgments. We address
this gap by investigating whether explicitly high-
lighting subjective language alters perceived trust-
worthiness. Specifically, we conduct a controlled
within-subjects human study in which subjective
sentences in news articles are highlighted and com-
pare participants’ trust ratings before and after this
intervention. Through quantitative analysis of the
responses, we examine the extent to which sub-
jectivity influences trust perceptions and identify
the conditions under which a simple transparency
cue can meaningfully affect readers’ evaluations of
news content.

2 Related Work

Trust in media has primarily been studied through
qualitative approaches, such as interviews and sur-
veys examining how audiences form trust and mis-
trust in news outlets (Tong, 2024; Garusi and Splen-
dore, 2023; Wenzel et al., 2018). In the psychology
literature, trust is commonly defined as a belief
in the competence, benevolence, honesty, or pre-
dictability of another party, coupled with a will-
ingness to rely on them despite uncertainty or risk
(Mayer et al., 1995; McKnight et al., 1998). In the
context of online settings and digital media, trust
is often defined with respect to the perceived reli-
ability and credibility of information sources and
the technology platforms that mediate them. In
particular, trust in online news involves not only
evaluations of content quality, but also judgments
about the integrity of the platform, the authenticity
of content producers, and the transparency of infor-
mation flows (Heuer and Breiter, 2018; Kolo et al.,
2022; Lee and Lee, 2023; Cha, 2024).

Relatedly, misinformation and fake news de-
tection have received substantial attention in the
NLP community, with recent work focused on

large language models as part of the solution (Ma
et al., 2024; Han et al., 2025; Tong et al., 2025;
Modzelewski et al., 2025). Earlier approaches ex-
amined linguistic differences between legitimate
and deceptive news using supervised learning and
crowd-sourced datasets (Pérez-Rosas et al., 2018;
Rubin et al., 2016). Other methods incorporate
fact-checking signals or metadata, such as speaker
identity or political affiliation, to improve detection
of deceptive or hyper-partisan content (Potthast
et al., 2018; Wang, 2017; Long et al., 2017). While
these efforts have significantly advanced computa-
tional techniques for identifying misinformation,
they largely frame the problem as a classification
task, offering limited insight into how linguistic
cues are perceived by readers or how they shape
trust judgments during consumption.

Only a limited number of computational studies
have explicitly examined how readers form trust
judgments about news, rather than focusing primar-
ily on factual accuracy. In a recent study, Bohacek
et al. (2023) introduces a dataset of Czech news arti-
cles annotated by humans into four trustworthiness
categories: trustworthy, partially trustworthy, mis-
leading, and manipulative. The authors fine-tune a
range of transformer-based models on this dataset
and report that RoBERTa (Liu et al., 2019) achieves
the strongest performance, while overall results in-
dicate substantial room for improvement. In a more
reader-focused study, Gabriel et al. (2022) model
how readers interpret news headlines, including
reactions such as distrust and perceived reliabil-
ity. A key component of their framework is the
perceived label, which captures whether readers
interpret a headline as real news or misinforma-
tion. Through a controlled user study, the authors
show that machine-generated explanations such as
inferred writer intent can influence readers’ trust
judgments. In particular, these explanations were
found to increase trust in real news and decrease
trust in misinformation, with significant correla-
tions observed between gold labels and shifts in
perceived trustworthiness for certain models.

In contrast to these approaches, we focus on
how a specific and interpretable linguistic signal,
namely subjectivity, influences perceived trustwor-
thiness during reading. Rather than predicting trust
labels or generating explanations, we study the
causal effect of highlighting subjective sentences
on readers’ trust judgments through a controlled
human-subjects experiment.
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3 Dataset and Survey

This section describes the datasets used in our study,
along with the data collection process, preprocess-
ing steps, and the design of the human-subjects
survey.

3.1 Article Selection and Preparation

We draw news articles from the CoAID dataset (Cui
and Lee, 2020), a widely used benchmark for
misinformation research that aggregates COVID-
19–related content from both reliable news outlets
and fact-checking sources. All articles used in this
study are written in English. The dataset includes
true articles collected from cross-verified authorita-
tive outlets, as well as false or misleading articles
identified through professional fact-checking orga-
nizations.

From the set of true articles, we randomly sam-
pled 100 news articles related to COVID-19 vacci-
nation in the United States. To ensure that articles
contained a sufficient amount of subjective lan-
guage for our intervention, we applied a finetuned
RoBERTa-based (Liu et al., 2019) subjectivity clas-
sification model to each article and computed the
proportion of sentences classified as subjective. We
retained articles with a subjectivity ratio greater
than 10%, resulting in a final set of 26 articles. De-
tails of the finetuned model and threshold selection
are provided in Appendix A.1.

To isolate the effect of textual content on trust-
worthiness perception, we presented articles in
plain text format, removing potentially confound-
ing factors such as author information, news outlet
name, images, and advertisements. For each article,
we created two versions: an original version and a
highlighted version in which sentences annotated
as subjective were visually marked using a yellow
highlight.

3.2 Annotating Subjective Sentences

To reduce noise from automatic classification and
ensure high-quality sentence-level labels, we man-
ually annotated the filtered articles for subjective
language. Three members of the research team
independently annotated each sentence in the se-
lected articles as either subjective or objective. Dur-
ing this process, annotators did not consistently
agree that some articles contained any subjective
sentences, and these articles were excluded. As
a result, the final set was reduced from 26 to 17
articles. Inter-annotator agreement was assessed us-

ing Krippendorff’s α (Krippendorff, 2018), which
accounts for chance agreement among multiple an-
notators. The resulting Krippendorff’s α agreement
score was 0.73, indicating acceptable agreement.
Final sentence labels were determined via majority
vote among the three annotators.

3.3 Participant Recruitment

We recruited 150 participants through Prolific,2 an
online crowdsourcing platform. Eligibility crite-
ria required participants to be: (1) native English
speakers, (2) born in the United States, and (3)
between 18 and 65 years of age. These criteria
ensured participants had relevant cultural context
for evaluating articles about U.S. COVID-19 policy
and healthcare issues.

3.4 Survey Procedure

The survey consisted of three phases. First, partic-
ipants answered a screening question about their
stance on vaccines as a public health measure, with
response options ranging from “Strongly Support-
ive” to “Strongly Opposed.” This question captured
participants’ prior beliefs, which could influence
their perceptions of article trustworthiness. Second,
participants were provided with a definition of trust
for the study:

Trust Definition

For this task, trust refers to how fair and
unbiased you believe the author is in pre-
senting the information.

Third, participants evaluated 10 randomly se-
lected articles from the pool of 17. We employed
a within-subjects design with counterbalanced pre-
sentation order: for each participant, 5 randomly se-
lected articles were presented in original-first order
(original version rated, then highlighted version),
while the remaining 5 articles were presented in
highlighted-first order (highlighted version rated,
then original version). All ratings used a 4-point
scale (1 = no trust, 2 = somewhat untrustworthy, 3
= somewhat trustworthy, 4 = fully trustworthy).

3.5 Data Quality Control

To ensure data quality, we implemented attention
checks and excluded responses from participants
who completed the survey in less than 6 minutes,
which represented the bottom 5% of completion

2https://www.prolific.com
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times. This threshold was established to filter out
participants who may not have carefully read the ar-
ticles. After applying this criterion, our final dataset
consisted of 136 participants and 1334 paired arti-
cle ratings.

4 Survey Results

This section examines the relationship between
highlighting subjective sentences and perceived
trustworthiness. We analyze data from 136 par-
ticipants who evaluated 10 randomly selected news
articles, yielding 1,334 paired observations where
each participant rated both the original and high-
lighted versions of the articles.

4.1 Effect of Highlighting Subjectivity
To assess whether highlighting subjective sentences
affects perceived trustworthiness, we compared par-
ticipants’ trust ratings for each article before and af-
ter highlighting. We conducted a paired-samples t-
test and, as a robustness check, a Wilcoxon signed-
rank test, which does not assume normally dis-
tributed paired differences (Wilcoxon, 1945). Ta-
ble 1 presents the results. The paired t-test re-
vealed a statistically significant negative effect of
highlighting subjectivity (t = −8.42, p < 0.001),
with participants rating highlighted articles as less
trustworthy (µ = 2.47, σ = 1.05) compared to non-
highlighted versions (µ = 2.68, σ = 1.02), a mean
decrease of 0.21 points. The Wilcoxon signed-
rank test corroborated this finding (p < 0.001).
However, the effect size was small (Cohen’s d =
−0.23), and two-thirds of ratings remained un-
changed, suggesting modest practical impact.

4.2 Order Effect Analysis
To verify that the observed reduction in trust was
not attributable to presentation order, we con-
ducted a 2×2 repeated measures ANOVA with
version (original vs. highlighted) as a within-
subjects factor and presentation order (original-first
vs. highlighted-first) as a between-subjects factor.
Results confirmed the main effect of highlighting
(F (1, 134) = 21.16, p < 0.001, η2p = 0.136), repli-
cating our paired t-test findings. Critically, we
found no significant main effect of presentation
order (F (1, 134) = 0.42, p = 0.52, η2p = 0.003)
and no version × order interaction (F (1, 134) =
0.18, p = 0.67, η2p = 0.001), confirming that the
effect of highlighting was consistent regardless of
whether participants saw the original or highlighted
version first. Separate paired t-tests within each

Measure Original Highlighted

Mean (SD) 2.68 (1.02) 2.47 (1.05)
Median 3.00 3.00

Statistical Tests

Paired t-test t = −8.42, p < 0.001
Wilcoxon test p < 0.001
Cohen’s dz −0.23

Direction of Change

Decreased 274 (20.5%)
No change 879 (65.9%)
Increased 181 (13.6%)

Table 1: Effect of highlighting subjective sentences on
perceived trustworthiness. Values reflect paired com-
parisons across N = 1,334 participant–article pairs.
Cohen’s dz denotes the paired-samples effect size.

order condition further validated this pattern, with
both original-first and highlighted-first conditions
showing statistically significant decreases in trust.
These results rule out order effects as an alternative
explanation and support a causal interpretation of
the highlighting intervention.

4.3 Variation Across Articles

While the overall effect of highlighting subjective
sentences was negative, Figure 1 reveals substantial
heterogeneity across individual articles. The effect
ranged from -0.35 (Article 1) to +0.18 (Article 6),
a span of 0.53 points on the 4-point scale. Ex-
ploratory paired t-tests for each article individually
showed that 9 of 17 articles exhibited statistically
significant effects at p < 0.05 (uncorrected), with 4
articles surviving Bonferroni correction for multi-
ple comparisons (p < 0.003). Notably, 14 articles
showed decreased trustworthiness, while 3 showed
increased trustworthiness after highlighting. This
variability suggests that the impact of highlighting
subjective content is moderated by article-specific
characteristics, such as topic, content, writing style,
or the nature of the subjective statements them-
selves. The consistent direction of effects (pre-
dominantly negative) combined with the varying
magnitude indicates that while highlighting gener-
ally reduces perceived trustworthiness, the strength
of this effect depends on contextual factors that
warrant further investigation.
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Figure 1: Mean change in trustworthiness ratings by
article after highlighting subjective content. Error bars
represent standard error of the mean. Asterisks indicate
statistical significance from individual paired t-tests: *
p < 0.05, *** p < 0.003 (Bonferroni-corrected). Nega-
tive values indicate decreased trustworthiness; positive
values indicate increased trustworthiness.

4.4 Variation Across Raters

Beyond article-level effects of highlighting subjec-
tive content, we assess variability across partici-
pants. Some individuals may be more sensitive
to the presence of highlighted subjectivity than
others, leading to heterogeneous responses even
when the overall trend is negative. Examining this
participant-level variation helps clarify whether the
observed effect reflects a broadly shared response
or is driven by a subset of readers.

Analysis. To examine how consistently partici-
pants responded to highlighting, we computed the
mean change in trustworthiness for each participant
across all articles they rated (∆trust = highlighted
− original). Figure 2 shows the distribution of
these mean changes, where negative values indi-
cate a reduction in perceived trustworthiness after
highlighting.

Results. Across 136 participants, the average
change in perceived trustworthiness was small
but consistently negative (M = −0.21, SD =
0.34), indicating that most participants rated high-
lighted articles slightly less trustworthy than their
non-highlighted counterparts. However, there
was substantial individual variability (range =
[−0.9,+1.0]), as illustrated in Figure 2, suggest-
ing that some participants were more sensitive to
highlighting than others.

Figure 2: Distribution of mean change in trustworthi-
ness ratings per participant (highlighted − original)

Moderation by Initial Vaccine Stance. To ex-
plore whether participants’ prior attitudes toward
vaccines moderated their response to highlighted
subjectivity, we compared the mean change in trust-
worthiness ratings (∆trust) across stance groups.
Participants reported their general stance toward
vaccines as a public health measure at the begin-
ning of the survey. As shown in Figure 3, the direc-
tion of the effect was consistent across groups, with
highlighting generally reducing perceived trustwor-
thiness, though the magnitude of the decrease var-
ied by stance. Participants who were somewhat
supportive of vaccines exhibited the largest av-
erage decline (M = −0.30, SD = 0.24), fol-
lowed by somewhat opposed (M = −0.18) and
strongly opposed (M = −0.05) participants, while
strongly supportive participants showed no change
(M = 0.00).

A one-way ANOVA and Kruskal-Wallis test,
which assess differences in central tendency across
groups under parametric and non-parametric as-
sumptions respectively, did not reveal a statistically
significant difference across groups (p > 0.05).
Nevertheless, the observed pattern is consistent
with the possibility that highlighting subjective lan-
guage has a stronger effect among participants with
more moderate positions, while having little influ-
ence on those with firmly held views.

5 Features

To analyze factors associated with changes in per-
ceived trustworthiness, we extracted interpretable
features from both the articles and the participants
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Figure 3: Mean change in perceived trustworthiness
(highlighted − original) by participants’ initial stance to-
ward vaccines (Q59). Negative values indicate that high-
lighting subjective language reduced trust. Although
the overall effect of highlighting was modestly negative
across all groups, the magnitude of this reduction varied
by stance, with the largest decline among participants
who were somewhat supportive of vaccines. Error bars
represent standard deviation within each stance group.

who rated them. Article-related features capture
the linguistic, stylistic, and rhetorical properties of
each article, while reader-related features describe
participants’ prior attitudes and behavioral tenden-
cies that may form their sensitivity to highlighted
subjective sentences.

5.1 Article Related Features

Subjectivity Density. This feature quantifies the
proportion of sentences in an article classified as
subjective, with values ranging from 0 to 1. It di-
rectly captures the extent of subjective language
within an article. We hypothesize that articles with
higher subjectivity density should elicit stronger
trust reductions after highlighting, as the high-
lighted sentences occupy a greater share of the
text.

Sentiment Polarity and Intensity. To capture
the affective tone of each article, we computed two
sentiment-based metrics: (1) the mean sentiment
polarity, ranging from negative to positive, and
(2) the average sentiment intensity, defined as the
absolute magnitude of emotional valence regard-
less of sign. We derived these measures using the
cardiffnlp/twitter-roberta-base-sentiment
model (Loureiro et al., 2022), a transformer-based
RoBERTa encoder that represents a widely adopted
state-of-the-art approach for sentiment analysis in
political and news discourse. For each sentence,
the model outputs class probabilities for negative,
neutral, and positive sentiment. We convert these

probabilities to a continuous polarity score in
[−1, 1] by taking the expectation over class labels,
and compute intensity as its absolute value. We
then average these sentence-level scores to obtain
article-level polarity and intensity and scale both
features to the 0–1 range via min–max normal-
ization for comparability across articles. Polarity
reflects the direction of evaluative language,
whereas intensity measures how emotionally
charged the text is. We posit that articles with
either highly positive or highly negative tone
may be perceived as less objective, and thus
may undergo greater reductions in perceived
trustworthiness when subjective sentences are
highlighted.

Persuasiveness. We quantify persuasiveness
using a transformer-based regression model
that predicts argument quality as a proxy for
persuasive strength. Specifically, we apply
the webis/argument-quality-ibm-reproduced
model on Hugging Face, a recent reproduction of
IBM’s Project Debater argument-quality predictor
(Zelch et al., 2025). The model estimates the per-
ceived quality of written arguments on a continuous
scale based on linguistic, syntactic, and discourse-
level features learned from the large-scale Argu-
ment Quality dataset introduced by Gretz et al.
(2020). For each article, we compute the model’s
predicted argument-quality score and normalize
it to the 0–1 range to produce the persuasiveness
score. Higher values indicate greater persuasive
strength. This feature captures variation in an ar-
ticle’s argumentative style that may be related to
changes in perceived trustworthiness when subjec-
tive content is highlighted.

Readability. We measure textual readability us-
ing the Flesch–Kincaid Grade Level (Kincaid et al.,
1975), a widely used readability index that esti-
mates the years of education required to compre-
hend a text. The score is computed from two core
components: the average number of words per sen-
tence and the average number of syllables per word,
following the formulation of Flesch (1948). For
each article, we compute the Flesch–Kincaid score
and then invert it so that higher values correspond
to greater ease of reading. The resulting values are
subsequently scaled to the 0–1 range via min–max
normalization, where 0 indicates highly complex
language and 1 corresponds to simple, accessible
writing. Readability functions as a proxy for cogni-
tive load: articles that are easier to read may render
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subjective statements more salient, whereas dense
or syntactically intricate texts may obscure such
cues and thus diminish the effect of highlighting.

Propaganda Techniques. To capture rhetorical
strategies beyond sentiment and subjectivity, we
annotated each article for the presence of specific
propaganda techniques. We follow the taxonomy
introduced in SemEval-2020 Task 11 on the De-
tection of Propaganda Techniques in News Arti-
cles (Da San Martino et al., 2020a), which defines
a closed set of fine-grained rhetorical devices de-
signed for span-level analysis in news text. This
taxonomy includes commonly studied techniques
such as Loaded Language, Name Calling or Label-
ing, Appeal to Fear or Prejudice, and Flag Waving.
The definitions of all techniques are provided in
Appendix A.2.

Because existing pretrained propaganda detec-
tors are typically optimized for sentence-level span
annotation rather than article-level presence, we
employed a controlled, instruction-following large
language model to perform document-level classi-
fication. Prior work has shown that large language
models achieve performance comparable to state-
of-the-art systems on propaganda detection tasks
(Sprenkamp et al., 2023), motivating their use in
this setting. Specifically, we prompted the OPE-
NAI GPT-4.1-MINI model (OpenAI, 2024) with
a standardized, closed-set annotation prompt re-
quiring JSON-formatted outputs. For each article,
the model identified which (if any) techniques ap-
peared at least once, and we encoded these predic-
tions as binary indicators. This approach provides
an interpretable representation of rhetorical bias
that complements the linguistic and affective fea-
tures described above. The exact prompt used to
obtain these annotations is shown below.

Propaganda Annotation Prompt

You are an expert annotator with extensive
experience in analyzing political discourse
and identifying rhetorical persuasion strate-
gies. Your task is to determine whether an
article contains any of a predefined set of
propaganda techniques.
Follow these constraints carefully:
1. Use only the predefined propaganda tech-
nique labels.
2. A technique is present if it appears in at
least one sentence.

3. Do not invent new labels and do not pro-
vide explanations.
4. Output a JSON dictionary of the form:
{"techniques_present": ["Loaded
Language", "Red Herring", ...]}

Examples:
<FEW SHOT EXAMPLES>

Article:
<ARTICLE TEXT>

5.2 Reader Related Features
Stance Toward Vaccines. Participants’ initial at-
titudes toward vaccines were encoded as an ordi-
nal variable ranging from strongly opposed (1) to
strongly supportive (4). Prior stance plays an im-
portant role in how individuals interpret and spread
misinformation, and may shape how readers re-
spond to subjective language depending on whether
it aligns with their beliefs (Derczynski et al., 2017;
Hardalov et al., 2022). Stance values were normal-
ized to the 0–1 range for use in the model.

6 Feature Analysis

Our analysis in Section 4 revealed that highlighting
subjective language generally reduced perceived
trustworthiness, though the magnitude of this effect
varied across both articles and raters. To better
understand the underlying drivers of this variability,
we aim to identify the linguistic and attitudinal
features that best explain the observed change in
trustworthiness (∆trust).

We hypothesize that both textual properties and
individual differences (Verma et al., 2018) plausi-
bly contribute to ∆trust, so we model the outcome
as a weighted linear combination of article-related
and reader-related features with separate scaling
parameters for each group. Let xj ∈ Rp denote the
article features for article j (e.g., subjectivity den-
sity, sentiment, readability, propaganda indicators)
and zi ∈ Rq denote the rater features for partic-
ipant i (e.g., stance, engagement). The model is
expressed as

∆trustij = α (w⊤xj) + β (v⊤zi) + b, (1)

where α and β scale the relative influence of article-
and reader-related predictors, w and v are the
learned feature coefficients within each group, b
is the intercept. Continuous predictors are normal-
ized prior to estimation so that α and β are directly
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comparable in magnitude. This allows us to assess
whether variation in trust change is driven more by
article characteristics or by rater attributes.

We fit a linear regression model to estimate
∆trust using the feature set described above.
Article-level predictors included subjectivity den-
sity, sentiment polarity and intensity, readability,
and a set of one-hot propaganda indicators, while
rater-level predictors consisted of each participant’s
vaccine stance. To ensure comparability across
heterogeneous features, article and rater predic-
tors were standardized separately before fitting the
model. The regression jointly estimates the fea-
ture weights w and v as well as the group-level
scaling parameters α and β, allowing us to directly
compare the aggregate contribution of textual char-
acteristics to that of rater attributes. The model
was trained on all 1,334 participant-article pairs for
which both original and highlighted trust ratings
were available.

The model reveals a strong asymmetry in pre-
dictive influence between article- and participant-
related features. The norm of the article-feature
coefficients was substantially larger than that of the
rater-feature coefficients (α = 0.34 vs. β = 0.039),
yielding an α/β ratio of 8.78. This indicates that ar-
ticle properties account for nearly nine times more
variance in ∆trust than individual differences in
vaccine stance. Among article-level predictors,
higher subjectivity density was associated with
larger decreases in trust, while certain rhetorical
devices such as Appeal to Authority and Black-and-
White Fallacy showed notable associations with
trust change. Participant stance exhibited a smaller
but directionally consistent effect, with more pro-
vaccine readers showing slightly larger trust reduc-
tions. Table 2 summarizes the standardized coeffi-
cients for all predictors. To assess the robustness of
these estimates, we additionally report 95% boot-
strap confidence intervals for the largest-magnitude
coefficients in Appendix A.3.

7 Conclusion

In this work, we examined how making subjective
language explicit influences readers’ perceptions of
news trustworthiness. Through a controlled within-
subjects survey, we showed that highlighting sub-
jective sentences generally reduces perceived trust,
though the magnitude of this effect varies across
articles and individuals. Our feature-based anal-
ysis reveals that this variation is driven predomi-

Feature Coefficient Type

subj_ratio −0.1968 Article
Black-and-White Fallacy +0.1775 Article
polarity_raw +0.1602 Article
Appeal to Authority −0.0994 Article
Appeal to Fear or Prejudice +0.0658 Article
Bandwagon +0.0430 Article
Glittering Generalities −0.0358 Article
vaccine_stance −0.0388 Rater
intensity_raw +0.0237 Article
fk_raw +0.0236 Article
Loaded Language +0.0207 Article
Name Calling or Labeling +0.0147 Article
Exaggeration or Minimization −0.0101 Article
readability −0.0236 Article
Whataboutism +0.0017 Article
Doubt +0.0017 Article

Table 2: Standardized regression coefficients for the
∆trust prediction model, excluding features with zero-
valued coefficients. Positive coefficients indicate that
the feature is associated with increased trust in the high-
lighted version relative to the original, while negative co-
efficients indicate greater trust reduction. Article-level
predictors dominate the model, with the aggregate coef-
ficient magnitude of article features (α = 0.34) substan-
tially exceeding that of the rater feature (β = 0.039).

nantly by article-level properties rather than read-
ers’ stance toward the topic. Among the article-
related features, subjectivity density and specific
rhetorical devices explain substantially more vari-
ance in trust change. These findings indicate that
trust judgments are sensitive to how linguistic cues
are surfaced during reading, even when factual
content remains unchanged. This suggests that
perception-focused cues may play a role in shaping
reader evaluations alongside existing detection and
verification efforts.

In light of these results, relying solely on real-
time fact checking may be insufficient, since trust
judgments often form before such interventions
occur. Instead, our results point to the value of
perception-focused interventions at the point of
reading, complementing existing detection and ver-
ification efforts.

Limitations

Our study has several limitations that should be
considered when interpreting the results. First, the
number of news articles included in the experiment
is relatively small. This choice reflects a deliberate
trade-off driven by budgetary and statistical con-
siderations. Because our primary objective is to
measure how readers’ trust judgments change in
response to highlighting subjective language, reli-

67



able estimation of this effect requires a sufficiently
large number of pre- and post-highlighting ratings
for each article. Given a fixed budget, increasing
the number of articles would necessarily reduce the
number of evaluations per article. We prioritized
depth of evaluation, resulting in approximately 75
ratings per article, at the cost of broader article
coverage. Future work with larger budgets could
extend this design to a wider range of articles while
maintaining adequate per-article sampling.

Second, our feature analysis assumes a linear
relationships between predictors and changes in
perceived trustworthiness. While this choice sup-
ports interpretability and enables direct comparison
between article-level and reader-level influences, it
may bias the analysis toward simple relationships
and overlook nonlinear effects or interactions be-
tween features. More flexible modeling approaches
could capture richer patterns in how linguistic cues
and reader characteristics jointly shape trust judg-
ments.

Third, the set of features considered in this study
is necessarily limited. Article-level predictors fo-
cus on a subset of interpretable linguistic and rhetor-
ical properties, while reader-level features are re-
stricted primarily to prior stance toward vaccines.
Although this design facilitates transparent analy-
sis, it does not exhaust the range of factors that may
influence trust perceptions. Incorporating broader
representations of discourse structure, narrative
framing, or additional reader attributes may provide
a more comprehensive account of trust formation.

References

Francesco Antici, Federico Ruggeri, Andrea Galassi,
Katerina Korre, Arianna Muti, Alessandra Bardi, Al-
ice Fedotova, and Alberto Barrón-Cedeño. 2024. A
corpus for sentence-level subjectivity detection on en-
glish news articles. In Proceedings of the 2024 Joint
International Conference on Computational Linguis-
tics, Language Resources and Evaluation (LREC-
COLING 2024), pages 273–285.

Mahmoudreza Babaei, Juhi Kulshrestha, Abhijnan
Chakraborty, Elissa M Redmiles, Meeyoung Cha,
and Krishna P Gummadi. 2021. Analyzing biases
in perception of truth in news stories and their im-
plications for fact checking. IEEE Transactions on
Computational Social Systems, 9(3):839–850.

Matyas Bohacek, Michal Bravansky, Filip Trhlík, and
Václav Moravec. 2023. Czech-ing the news: Article
trustworthiness dataset for czech. In Proceedings
of the 13th Workshop on Computational Approaches

to Subjectivity, Sentiment, & Social Media Analysis,
pages 96–109.

Jiyoung Cha. 2024. Predictors of the credibility of so-
cial media as a news outlet: An examination of the
influences of social media contacts, source percep-
tions, and media use. International Journal on Media
Management, 26(1-2):68–93.

Limeng Cui and Dongwon Lee. 2020. Coaid: Covid-19
healthcare misinformation dataset. CoRR.

Giovanni Da San Martino, Alberto Barrón-Cedeño,
Henning Wachsmuth, Rostislav Petrov, and Preslav
Nakov. 2020a. Semeval-2020 task 11: Detection
of propaganda techniques in news articles. In Pro-
ceedings of the fourteenth workshop on semantic
evaluation, pages 1377–1414.

Giovanni Da San Martino, Stefano Cresci, Alberto
Barrón-Cedeño, Yu Seunghak, Roberto Di Pietro,
Preslav Nakov, and 1 others. 2020b. A survey on
computational propaganda detection. In Proceedings
of the Twenty-Ninth International Joint Conference
on Artificial Intelligence,{IJCAI-20}, pages 4826–
4832. International Joint Conferences on Artificial
Intelligence Organization.

Lingjia Deng and Janyce Wiebe. 2015. Mpqa 3.0: An
entity/event-level sentiment corpus. In Proceedings
of the 2015 conference of the North American chap-
ter of the association for computational linguistics:
human language technologies, pages 1323–1328.

Leon Derczynski, Kalina Bontcheva, Maria Liakata,
Rob Procter, Geraldine Wong Sak Hoi, and Arkaitz
Zubiaga. 2017. Semeval-2017 task 8: Rumoureval:
Determining rumour veracity and support for ru-
mours. In Proceedings of the 11th International
Workshop on Semantic Evaluation (SemEval-2017),
pages 69–76.

Akram Elbouanani, Evan Dufraisse, Aboubacar Tuo,
and Adrian Popescu. 2025. Cea-list at checkthat!
2025: evaluating llms as detectors of bias and opinion
in text. arXiv preprint arXiv:2507.07539.

Rudolf Flesch. 1948. A new readability yardstick. Jour-
nal of Applied Psychology, 32(3):221–233.

Saadia Gabriel, Skyler Hallinan, Maarten Sap, Pemi
Nguyen, Franziska Roesner, Eunsol Choi, and Yejin
Choi. 2022. Misinfo reaction frames: Reasoning
about readers’ reactions to news headlines. In Pro-
ceedings of the 60th Annual Meeting of the Associa-
tion for Computational Linguistics (Volume 1: Long
Papers), pages 3108–3127.

Diego Garusi and Sergio Splendore. 2023. Advanc-
ing a qualitative turn in news media trust research.
Sociology compass, 17(4):e13075.

Shai Gretz, Roni Friedman, Edo Cohen-Karlik, As-
saf Toledo, Dan Lahav, Ranit Aharonov, and Noam
Slonim. 2020. A large-scale dataset for argument

68



quality ranking: Construction and analysis. In Pro-
ceedings of the AAAI Conference on Artificial Intelli-
gence, volume 34, pages 7805–7813.

Chen Han, Wenzhen Zheng, and Xijin Tang. 2025.
Debate-to-detect: Reformulating misinformation de-
tection as a real-world debate with large language
models. In Proceedings of the 2025 Conference on
Empirical Methods in Natural Language Processing,
pages 15125–15140, Suzhou, China. Association for
Computational Linguistics.

Momchil Hardalov, Arnav Arora, Preslav Nakov, and
Isabelle Augenstein. 2022. A survey on stance de-
tection for mis-and disinformation identification. In
Findings of the Association for Computational Lin-
guistics: NAACL 2022, pages 1259–1277.

Hendrik Heuer and Andreas Breiter. 2018. Trust in
news on social media. In Proceedings of the 10th
Nordic conference on human-computer interaction,
pages 137–147.

J Peter Kincaid, Robert P Fishburne Jr, Richard L
Rogers, and Brad S Chissom. 1975. Derivation of
new readability formulas (automated readability in-
dex, fog count, and flesch reading ease formula) for
navy enlisted personnel. Technical report, Naval
Technical Training Command Millington TN Re-
search Branch.

Castulus Kolo, Joschka Mütterlein, and Sarah Anna
Schmid. 2022. Believing journalists, ai, or fake news:
The role of trust in media. In HICSS, pages 1–10.

Klaus Krippendorff. 2018. Content Analysis: An Intro-
duction to Its Methodology, 4 edition. Sage Publica-
tions.

Seung Yeop Lee and Sang Woo Lee. 2023. Normative or
effective? the role of news diversity and trust in news
recommendation services. International Journal of
Human–Computer Interaction, 39(6):1216–1229.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man-
dar Joshi, Danqi Chen, Omer Levy, Mike Lewis,
Luke Zettlemoyer, and Veselin Stoyanov. 2019.
Roberta: A robustly optimized bert pretraining ap-
proach. arXiv preprint arXiv:1907.11692.

Yunfei Long, Qin Lu, Rong Xiang, Minglei Li, and
Chu-Ren Huang. 2017. Fake news detection through
multi-perspective speaker profiles. In Proceedings of
the eighth international joint conference on natural
language processing (volume 2: Short papers), pages
252–256.

Daniel Loureiro, Francesco Barbieri, Leonardo Neves,
Luis Espinosa Anke, and Jose Camacho-Collados.
2022. Timelms: Diachronic language models from
twitter. arXiv preprint arXiv:2202.03829.

Xiaoxiao Ma, Yuchen Zhang, Kaize Ding, Jian Yang,
Jia Wu, and Hao Fan. 2024. On fake news detection
with LLM enhanced semantics mining. In Proceed-
ings of the 2024 Conference on Empirical Methods

in Natural Language Processing, pages 508–521, Mi-
ami, Florida, USA. Association for Computational
Linguistics.

Roger C. Mayer, James H. Davis, and F. David Schoor-
man. 1995. An integrative model of organizational
trust. Academy of Management Review, 20(3):709–
734.

D Harrison McKnight, Larry L Cummings, and Nor-
man L Chervany. 1998. Initial trust formation in new
organizational relationships. Academy of Manage-
ment review, 23(3):473–490.

Arkadiusz Modzelewski, Witold Sosnowski, Tiziano
Labruna, Adam Wierzbicki, and Giovanni
Da San Martino. 2025. PCoT: Persuasion-
augmented chain of thought for detecting fake news
and social media disinformation. In Proceedings
of the 63rd Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
Vienna, Austria. Association for Computational
Linguistics.

OpenAI. 2024. GPT-4o mini: advancing cost-efficient
intelligence. Technical report.

Verónica Pérez-Rosas, Bennett Kleinberg, Alexandra
Lefevre, and Rada Mihalcea. 2018. Automatic de-
tection of fake news. In Proceedings of the 27th
international conference on computational linguis-
tics, pages 3391–3401.

Martin Potthast, Johannes Kiesel, Kevin Reinartz, Janek
Bevendorff, and Benno Stein. 2018. A stylometric
inquiry into hyperpartisan and fake news. In Proceed-
ings of the 56th annual meeting of the association for
computational linguistics (volume 1: long papers),
pages 231–240.

Anku Rani, Dwip Dalal, Shreya Gautam, Pankaj Gupta,
Vinija Jain, Aman Chadha, Amit Sheth, and Ami-
tava Das. 2025. Sepsis: I can catch your lies–a new
paradigm for deception detection. In Proceedings of
the 63rd Annual Meeting of the Association for Com-
putational Linguistics (Volume 4: Student Research
Workshop), pages 97–128.

Francisco-Javier Rodrigo-Ginés, Jorge Carrillo-de Al-
bornoz, and Laura Plaza. 2024. A systematic review
on media bias detection: What is media bias, how it
is expressed, and how to detect it. Expert Systems
with Applications, 237:121641.

Victoria L Rubin, Niall Conroy, Yimin Chen, and Sarah
Cornwell. 2016. Fake news or truth? using satirical
cues to detect potentially misleading news. In Pro-
ceedings of the second workshop on computational
approaches to deception detection, pages 7–17.

Jukka Ruohonen. 2024. A comparative study of on-
line disinformation and offline protests. SN Social
Sciences, 4(12):232.

69

https://doi.org/10.18653/v1/2025.emnlp-main.764
https://doi.org/10.18653/v1/2025.emnlp-main.764
https://doi.org/10.18653/v1/2025.emnlp-main.764
https://doi.org/10.18653/v1/2024.emnlp-main.31
https://doi.org/10.18653/v1/2024.emnlp-main.31
https://doi.org/10.18653/v1/2025.acl-long.1215
https://doi.org/10.18653/v1/2025.acl-long.1215
https://doi.org/10.18653/v1/2025.acl-long.1215
https://openai.com/index/gpt-4o-mini-advancing-cost-efficient-intelligence/
https://openai.com/index/gpt-4o-mini-advancing-cost-efficient-intelligence/


Elena Savinova and Fermin Moscoso Del Prado. 2023.
Analyzing subjectivity using a transformer-based re-
gressor trained on naïve speakers’ judgements. In
Proceedings of the 13th Workshop on Computational
Approaches to Subjectivity, Sentiment, & Social Me-
dia Analysis, pages 305–314.

Vivek Sharma, Mohammad Mahdi Shokri, Sarah Ita
Levitan, Elena Filatova, and Shweta Jain. 2025. Anal-
ysis of propaganda in tweets from politically biased
sources. arXiv preprint arXiv:2507.08169.

Mohammad Shokri, Vivek Sharma, Elena Filatova,
Shweta Jain, and Sarah Levitan. 2024. Subjectiv-
ity detection in English news using large language
models. In Proceedings of the 14th Workshop on
Computational Approaches to Subjectivity, Sentiment,
& Social Media Analysis, pages 215–226, Bangkok,
Thailand. Association for Computational Linguistics.

Kilian Sprenkamp, Daniel Gordon Jones, and Liudmila
Zavolokina. 2023. Large language models for propa-
ganda detection. arXiv preprint arXiv:2310.06422.

Jingrong Tong. 2024. From content to context: A quali-
tative case study of factors influencing audience per-
ception of the trustworthiness of covid-19 data vi-
sualisations in uk newspaper coverage. Journalism,
25(7):1481–1499.

Zhao Tong, Yimeng Gu, Huidong Liu, Qiang Liu, Shu
Wu, Haichao Shi, and Xiao-Yu Zhang. 2025. Gener-
ate first, then sample: Enhancing fake news detection
with llm-augmented reinforced sampling. In Pro-
ceedings of the 63rd Annual Meeting of the Associa-
tion for Computational Linguistics (Volume 1: Long
Papers), pages 24276–24290.

Pramukh Nanjundaswamy Vasist, Debashis Chatterjee,
and Satish Krishnan. 2024. The polarizing impact
of political disinformation and hate speech: A cross-
country configural narrative. Information Systems
Frontiers, 26(2):663–688.

Aswathy Velutharambath, Amelie Wührl, and Roman
Klinger. 2024. How entangled is factuality and de-
ception in german? In Findings of the Association
for Computational Linguistics: EMNLP 2024, pages
9538–9554.

Nitin Verma, Kenneth R Fleischmann, and Kolina S
Koltai. 2018. Demographic factors and trust in differ-
ent news sources. Proceedings of the Association for
Information Science and Technology, 55(1):524–533.

Svitlana Volkova and Jin Yea Jang. 2018. Misleading or
falsification: Inferring deceptive strategies and types
in online news and social media. In Companion
Proceedings of the The Web Conference 2018, pages
575–583.

Soroush Vosoughi, Deb Roy, and Sinan Aral. 2018.
The spread of true and false news online. science,
359(6380):1146–1151.

William Yang Wang. 2017. " liar, liar pants on fire":
A new benchmark dataset for fake news detection.
arXiv preprint arXiv:1705.00648.

Andrea Wenzel, Anthony Nadler, Melissa Valle, and
Marc Lamont Hill. 2018. Listening is not enough:
Mistrust and local news in urban and suburban philly.
Columbia Journalism Review.

Janyce Wiebe, Theresa Wilson, Rebecca Bruce,
Matthew Bell, and Melanie Martin. 2004. Learn-
ing subjective language. Computational linguistics,
30(3):277–308.

Frank Wilcoxon. 1945. Individual comparisons by rank-
ing methods. Biometrics Bulletin, 1(6):80–83.

Ines Zelch, Matthias Hagen, Benno Stein, and Johannes
Kiesel. 2025. Reproducing the argument quality pre-
diction of project debater. In Proceedings of the 12th
Argument mining Workshop, pages 181–188.

70

https://doi.org/10.18653/v1/2024.wassa-1.17
https://doi.org/10.18653/v1/2024.wassa-1.17
https://doi.org/10.18653/v1/2024.wassa-1.17


A Appendix

A.1 Training a Subjectivity Classifier

To filter articles with a subjective sentence ra-
tio greater than 10%, we trained a sentence-level
subjectivity classifier based on RoBERTa (Liu
et al., 2019). The model was trained on two
subjectivity-annotated datasets: the MPQA opin-
ion corpus (Deng and Wiebe, 2015) and a recently
released dataset containing sentence-level subjec-
tivity annotations for COVID-19 and crime-related
news (Savinova and Del Prado, 2023).

MPQA. The MPQA (Multi-Perspective Ques-
tion Answering) dataset is a widely used resource
in sentiment analysis and opinion mining. It is de-
signed to capture the multifaceted nature of subjec-
tive language and contains text segments annotated
for sentiment polarity and subjectivity. The dataset
includes content from multiple sources, such as
news articles, product reviews, discussion forums,
and social media, reflecting the varied contexts in
which subjective expressions occur. To control for
genre-related variation, we restrict our experiments
to MPQA sentences drawn from news articles. We
use version three of the MPQA opinion corpus.

News Dataset. The second dataset consists of
sentences from news articles and Facebook posts
related to crime and COVID-19, published by four
major UK news outlets, for a total of 7,751 sen-
tences (Savinova and Del Prado, 2023). We ex-
clude Facebook posts, as they are shorter and may
not be authored by journalists. Consequently, all
experiments in this paper use only news sentences,
yielding a dataset of 2,973 sentences, including
1,013 subjective and 1,960 objective sentences.

Training Details. We fine-tuned a RoBERTa-
base model for binary sentence-level subjectiv-
ity classification using the Adam optimizer with
a learning rate of 1 × 10−5. Training was per-
formed for 10 epochs with standard cross-entropy
loss. Across the two training datasets, the classifier
achieved an average F1 score of 0.88. The result-
ing model was used to estimate the proportion of
subjective sentences in each article for the purpose
of article filtering.

A.2 Propaganda Techniques

Below is a list of the definitions for propaganda
techniques we used for propaganda detection in
news articles (Da San Martino et al., 2020b):

• Loaded language: Using words/phrases with
strong emotional implications (positive or neg-
ative) to influence an audience.

• Name calling or labeling: Labeling the object
of the propaganda campaign as either some-
thing the target audience fears, hates, finds
undesirable or otherwise loves or praises.

• Repetition: Repeating the same message over
and over again, so that the audience will even-
tually accept it.

• Appeal to fear: support an idea by instilling
fear against other alternatives

• Exaggeration or minimization: Either repre-
senting something in an excessive manner:
making things larger, better, worse.

• Doubt: Questioning the credibility of some-
one or something. - appeal to fear/prejudice:
Seeking to build support for an idea by in-
stilling anxiety and/or panic in the population
towards an alternative, possibly based on pre-
conceived judgments.

• Flag-waving: Playing on strong national feel-
ing (or with respect to a group, e.g., race, gen-
der, political preference) to justify or promote
an action or idea.

• Causal oversimplification: Assuming one
cause when there are multiple causes behind
an issue. We include scapegoating as well
which is defined as the transfer of the blame
to one person or group of people without in-
vestigating the complexities of an issue.

• Slogans: A brief and striking phrase that may
include labeling and stereotyping.

• Appeal to authority: Stating that a claim is
true simply because a valid authority/expert
on the issue supports it, without any other
supporting evidence. Include the special
case where the reference is not an author-
ity/expert,although it is referred to as testi-
monial in the literature.

• Black-and-white fallacy: Presenting two alter-
native options as the only possibilities, when
in fact more possibilities exist, eliminating
any other possible choice. and as an extreme
telling the audience exactly what actions to
take, which is also called as dictatorship.
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• Thought-terminating cliche: Words or phrases
that discourage critical thought and meaning-
ful discussion about a given topic. They are
typically short, generic sentences that offer
seemingly simple answers to complex ques-
tions or that distract attention away from other
lines of thought.

• Whataboutism: Discredit an opponent’s posi-
tion by charging them with hypocrisy without
directly disproving their argument.

• Reductio ad hitlerum: Persuading an audience
to disapprove an action or idea by suggesting
that the idea is popular with groups hated in
contempt by the target audience. It can re-
fer to any person or concept with a negative
connotation.

• Red herring: Introducing irrelevant material to
the issue being discussed, so that everyone’s
attention is diverted away from the points
made.

• Bandwagon: Attempting to persuade the tar-
get audience to join in and take the course of
action because “everyone else is taking the
same action”.

• Obfuscation/intentional vagueness/confusion:
Using deliberately unclear words, so that the
audience may have its own interpretation."

• Straw men: Refuting arguments that were not
presented.

A.3 Confidence Intervals for Feature
Coefficients

To quantify uncertainty in the feature-level effects
reported in Section 6, we estimate 95% confidence
intervals for the regression coefficients using non-
parametric bootstrap resampling. Specifically, we
repeatedly resample the participant-article pairs
with replacement and refit the linear model de-
scribed in Equation (1) on each resampled dataset.
For each feature, we compute percentile-based con-
fidence intervals from the resulting empirical dis-
tribution of coefficients.

Figure 4 shows the bootstrap means and 95%
confidence intervals for the features with the largest
absolute coefficients. Subjectivity density exhibits
a consistently negative association with changes
in perceived trustworthiness, with confidence in-
tervals that exclude zero, indicating a stable ef-
fect across bootstrap samples. In contrast, many

Figure 4: Bootstrap means and 95% confidence intervals
for the largest-magnitude regression coefficients predict-
ing changes in perceived trustworthiness (∆trust). Er-
ror bars indicate percentile-based confidence intervals
estimated via 1,000 bootstrap resamples. Positive val-
ues indicate increased trust in the highlighted version
relative to the original, while negative values indicate
greater trust reduction.

individual rhetorical features display wider con-
fidence intervals that often include zero, reflect-
ing substantial variability across articles and con-
texts. Reader-level stance remains small and tightly
bounded around zero, reinforcing the conclusion
that variation in trust change is driven primarily
by article-level properties rather than individual
differences.
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Abstract

Understanding emotion responses relies on re-
constructing how individuals appraise events.
While prior work has studied emotion trajecto-
ries and inherent correlations with appraisals,
it has considered appraisals only in a snapshot
analysis. However, because appraisal is a com-
plex, sequential process, we argue that it should
be analyzed based on how it unfolds through-
out a narrative. In this study, we investigate
whether trajectories of appraisals are distinctive
for different emotions in five-event stories – nar-
ratives where each of five sentences describes
an event. We employ zero-shot prompting with
a large language model to predict appraisals on
sub-sequences of a narrative. We find that this
approach is effective in identifying relevant ap-
praisals in narratives, without prior knowledge
of the evoked emotion, enabling a comprehen-
sive analysis of appraisal trajectories. Further-
more, we are the first to quantitatively identify
typical patterns of appraisal trajectories that
distinguish emotions. For example, a rising
trajectory for self-responsibility indicates trust,
while a falling trajectory suggests anger.

1 Introduction

Emotion analysis seeks to uncover the emotions
that events evoke in individuals based on their tex-
tual descriptions. Foundational frameworks estab-
lished by Ekman (1972) and Plutchik (2001) cat-
egorize emotions in a structured manner. This al-
lows researchers to label textual data from various
sources, for example social media as in the cor-
pus by Mohammad (2012). Consider the textual
examples given1 in Table 1, listing five sentences
in narrative order. We may suspect that the event
described in sentence #1 evoked the emotion trust
in the experiencer and that the event described in

1We provide access to the data and code of our ex-
periments on https://www.uni-bamberg.de/en/nlproc/
resources/appraisal-trajectories/.

sentence #5 probaly evoked the emotion guilt in
them (based on the given context).

Recent work by Troiano et al. (2023) has high-
lighted the importance of implicit emotion cues
tied to appraisal theories. These theories present
emotions as resulting from the cognitive evaluation
of events, incorporating subjective feelings, action
tendencies, physiological responses, and both vocal
and bodily expressions triggered by those events
(Staller and Petta, 2001; Scherer, 2005; Gratch
et al., 2009). By identifying the appraisals, we
can more clearly reconstruct how the emotions are
shaped in the example (see Table 1): The event de-
scribed in sentence #1 is likely something pleasant
for the experiencer and they are taking on respon-
sibility in connection with a relevant goal. These
cognitive appraisals (pleasantness, self responsibil-
ity and goal relevance) result in the emotion trust.

Prior work mainly analyzes appraisal in isolated
instances, such as single sentences, discrete events,
or social media posts (e.g., Hofmann et al., 2020;
Stranisci et al., 2022; Zhan et al., 2023; Troiano
et al., 2023; Liu et al., 2025; Zhou et al., 2025).
Notably, many of these studies build upon the work
of Troiano et al. (2023) and extend their focus to
longer texts, underscoring the need for a contextu-
alized analysis.

# Sentence Text

1 A close friend entrusted me with setting up the
sound system for a charity event.

2 I faced a daunting task, as the previous technician
had left the equipment in disarray.

3 With time running out, I took a shortcut to meet
the deadline, skipping some crucial safety checks.

4 Just before the event started, my friend reminded
me of its significance and the many people count-
ing on its success.

5 The loudspeaker suddenly malfunctioned and
went silent.

Table 1: Example narrative comprising five sentences.
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Appraisals and the resulting emotions often un-
fold as a complex process (Lewis, 2001) that can
span multiple events and develop over the course
of a narrative. In dialog research, emotion dynam-
ics have been explored, e.g., by Poria et al. (2019).
Debnath et al. (2025) also consider how appraisals
influence these dynamics in multi-turn conversa-
tions. However, our work is the first aiming to
understand how the appraisal progression of an
individual develops based on narrative event se-
quences. To explain the emotion guilt for sentence
#5 (shown in Table 1) using appraisals, we need
to consider how these develop over the course of
the narrative event sequence: The individual’s re-
sponsibility for the outcome becomes increasingly
apparent throughout the narrative. However, the
pleasantness of the events, which is positive in the
beginning, shifts to negative by the end due to the
event described in the final sentence. Consequently,
the negative emotion guilt is suddenly triggered.
We refer to these changes in appraisals over the
course of an event sequence as appraisal trajecto-
ries. Prior research only conducts snapshot anal-
yses of appraisals, neglecting their development
over time. While Wemmer et al. (2024) created
appraisal trajectories in a study of dreams, their
analysis does not examine the connection to the
evoked emotions.

In our study, we explore the dynamics of ap-
praisals that evoke different emotions within narra-
tives through the following research questions:

1. Can we identify appraisals from narrative text
alone, or is prior knowledge of the evoked
emotion necessary?

2. Do appraisal trajectories in narratives show
distinct patterns for different emotions?

To this end, we conduct automatic appraisal an-
notation on short narratives consisting of sequences
of event descriptions evoking different emotions.
Our methodology utilizes zero-shot prompting with
a large language model (LLM) to predict appraisals.
We analyze the trajectories of different appraisal di-
mensions in these narratives and compare their role
in evoking different emotions. We aim to identify
typical patterns of appraisal trajectories associated
with specific emotions, to understand how emotion
responses can be modeled more precisely.

2 Methods

Data and Model. For our experiments, we re-
quire a dataset with a substantial number of narra-

tives categorized for different emotions. Given a
person’s textual description of their experience, we
aim to reconstruct how they appraise events result-
ing in that emotion. The Emotional Backstories
(EBS) dataset (Schäfer and Klinger, 2025) there-
fore offers itself as it comprises 13,000 narratives,
each structured as a sequence of five event descrip-
tions and assigned to one of 13 emotion categories
(see the first column of Table 2). The dataset
consists of LLM-generated data, with its quality
validated by human annotators, and is designed
for a thorough investigation of how contexts influ-
ence emotion analysis. For modeling appraisals,
we adopt the 21 categories used by Troiano et al.
(2023) (a detailed list is given in Appendix A). Our
analysis uses the instruction-tuned Llama-3.3 LLM
with 70B parameters (Meta, 2025). We utilize a
zero-shot prompting method due to the lack of an-
notated training data for contextualized appraisals.
The full text prompts used are given in Appendix B.

Appraisal Detection Performance. Our goal is
to compute and analyze appraisals, requiring an ef-
fective labeling approach. Our method prompts the
LLM to predict Likert scale scores (ranging from 1
to 5) for all appraisal categories given a narrative.
We estimate the contextualized appraisal prediction
performance of this approach by evaluating it on
the crowd-enVent dataset (Troiano et al., 2023),
which only contains isolated instances.

Appraisal Correlations with Emotions. We
also need to evaluate the effectiveness of our ap-
praisal prediction method on narratives, specifically
assessing whether it performs successfully without
prior knowledge of the associated emotion, rely-
ing solely on the text. We test this by allowing
for the inclusion or exclusion of emotion informa-
tion in the prompt. Troiano et al. (2023) show
typical correlations of certain appraisals with cer-
tain emotions. We investigate whether we can find
similar correlations in narratives and compare two
settings: 1) Bottom-Up: the model should recon-
struct the appraisals of the experiencer based on
the textual sequence of event descriptions. 2) Top-
Down: the model is informed about the overall
emotion being evoked and is basically tasked to
find related appraisals in the narrative. We hypoth-
esize that the second approach will reveal clearer
correlations due to the model’s inherent knowledge
of appraisals, allowing it to predict these not only
from the textual content. However, the first setting
presents a more realistic scenario, as we usually
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Anger 0.2−0.2−0.2−0.5 0.7 0.1−0.1−0.3 0.2−0.1−0.6 0.2−0.2 0.2 0.0−0.6 1.0 0.7 0.1 0.0 0.3
Boredom −0.2 0.1 0.1−0.5−0.1−0.5 0.0−0.1−0.1−0.1−0.4−0.3−0.1 0.0 0.0−0.1−0.1 0.0−0.7 0.8−0.4
Disgust 0.1−0.2−0.1−0.4 0.7 0.0 0.0−0.1 0.1 0.0−0.4 0.2−0.1 0.0 0.0−0.4 0.6 0.5 0.1 0.5 0.3
Fear 0.1−0.2−0.1−0.3 0.4 0.2 0.1 0.0 0.0 0.0−0.3 0.3−0.1 0.1 0.3−0.4 0.4 0.2 0.1 0.1 0.2
Guilt 0.1−0.1−0.1−0.5 0.6 0.3−0.1 0.5−0.4 0.0−0.6 0.2−0.1−0.1 0.0−0.6 1.1 0.5 0.1 0.4 0.3
Joy −0.1 0.0 0.0 0.8−0.6 0.0 0.0 0.1 0.0 0.1 0.6−0.1 0.1 0.0−0.1 0.4−0.2 0.0−0.1 0.0−0.2
Pride −0.1 0.0 0.0 0.6−0.4 0.2−0.1 0.3−0.2 0.2 0.6 0.0 0.3−0.1−0.1 0.5−0.1 0.0 0.0 0.0 0.0
Relief 0.0 0.0 0.0 0.6−0.5 0.1 0.0 0.1−0.1 0.1 0.7 0.0 0.0 0.0 0.1 0.9−0.1 0.0 0.0 0.0−0.2
Sadness 0.1−0.1−0.1−0.7 0.7 0.1 0.1−0.1−0.1 0.0−0.6 0.1−0.2 0.1 0.2−0.5 0.4 0.1 0.1 0.3 0.3
Shame 0.1−0.2−0.2−0.6 0.7 0.1 0.0 0.3−0.3−0.1−0.8 0.1−0.4 0.1 0.0−0.7 1.4 0.7 0.1 0.8 0.3
Surprise 0.8−0.5−0.4−0.1 0.0 0.1 0.2−0.1 0.0−0.2−0.1 0.3−0.1 0.1 0.3−0.1 0.2 0.1 0.2 0.0 0.1
Trust −0.1 0.1 0.0 0.2−0.2 0.1−0.1 0.0 0.0 0.1 0.3 0.0 0.1 0.0 0.0 0.2−0.1 0.0 0.0 0.0−0.1
No-Emotion −0.2 0.1 0.1−0.1−0.2−0.3 0.0−0.1−0.1 0.0−0.2−0.1 0.0−0.1−0.1 0.0−0.2−0.1−0.2−0.1−0.2

Table 2: Difference in appraisal scores of complete narratives per emotion category of model informed about the
emotion to model not informed about the emotion (absolute scores for the two methods are given in Appendix D).
Positive (negative) values, marked with green (purple) background color, express that the informed model assigns a
higher (lower) Likert score (range 1–5). The different appraisal categories are further specified in Appendix A.

do not have prior knowledge of the emotion that
is evoked. In comparing the predictions from the
two approaches, we aim to explore whether the typ-
ical correlations can still emerge in the case where
the model is solely dependent on the text, without
explicit information about the emotion.

Analysis of Appraisal Trajectories. To be able
to analyze the trajectories of appraisals within nar-
ratives, we generate sub-sequences from the five-
sentence text instances. We start with only the first
sentence and then incrementally add sentences in
narrative order, employing the technique by Wem-
mer et al. (2024) who study dreams. By including
the previous context rather than just a sentence,
we aim for a more accurate contextualized analy-
sis. For each sub-sequence, we predict appraisal
scores using the model established above where no
information about the emotion is included.

3 Results

The evaluation on the human-annotated crowd-
enVent dataset (see Appendix C) shows that the
appraisal prediction performance of our zero-shot
model is acceptable (RMSE 1.49/1.46) in com-
parison to the fine-tuned model by Troiano et al.
(2023) (RMSE 1.40). We analyze appraisals in nar-
ratives by applying our model to the Emotional
Backstories dataset (Schäfer and Klinger, 2025),
which contains 1,000 five-sentence-narratives for

each of 13 emotion categories. In the following,
we address our research questions by evaluating
averages over the instances per emotion category
as well as overall macro-averaged scores.

3.1 Can we identify appraisals from narrative
text alone, or is prior knowledge of the
evoked emotion necessary?

Table 2 shows how predicted appraisal scores
change when the model is informed about the
evoked emotion. The results reveal only minor
variations in predicted appraisal scores. For in-
stance, the pleasantness appraisal score (see the
fifth column in Table 2) slightly increases (+0.2
to +0.8 Likert score points) for positive emotions
while it slightly decreases (−0.3 to −0.7 Likert
scale points) for negative emotions when the model
is informed about the emotion. Differences in Lik-
ert scale values of more than ±1 are observed only
for the appraisal regarding standards in negative
emotions (+1.0 for anger, +1.1 for guilt and +1.4
for shame; see Table 2).

Separate values for the two settings further sub-
stantiate the trend that informing the model about
the emotion is not necessary to find typical correla-
tions of appraisals and emotions (see Appendix D).
This shows that our approach is able to find indica-
tors of appraisals in the textual content of the narra-
tives even without prior knowledge of the emotion.
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3.2 Do appraisal trajectories in narratives
show distinct patterns for different
emotions?

Table 3 shows average appraisal scores of narrative
sub-sequences, analyzed as trajectories for each
emotion. From these values, we can infer how cer-
tain appraisals are expressed through the narrative
structure. Generally, differences in magnitude are
observed across certain appraisals. For example,
relevance to the experiencer’s goals is consistently
scored higher than chance occurrences, aligning
with expectations for experiencer-perspective text.
Other appraisal categories show differences in in-
tensity for different emotions, for example, con-
trasting familiarity scores; sadness exhibits higher
scores compared to fear – which is consistent with
established emotion-appraisal correlations.

Regarding trajectory patterns, we identify four
distinct types in Table 3: Rising, Falling, Valley-
shaped, Hill-shaped. These shapes arise from the
variations in appraisal processes as they unfold
within narrative structures. Certain appraisals dis-
play uniform patterns across all emotions. An ex-
ample for this is suddenness: all Rising. Here,
context is required for higher scores. In contrast,
certain appraisals interestingly show variation in
trajectory patterns by emotion. For example, pleas-
antness shows a Rising pattern for joy but a Valley-
shaped pattern for relief, illustrating the complex
process that involves less pleasant events before a
resolution. Another example is self-responsibility,
which exhibits a Falling trajectory for anger, while
showing a Rising pattern for trust, yet both ulti-
mately reach approximately the same score. This
emphasizes that performing a snapshot analysis
of appraisals is incomplete, as only the distinct
trajectory patterns reveal deeper processes that dis-
tinguish the evokation of the different emotions.

4 Conclusion

Our study reveals distinct trajectories in appraisal
processes that result in evoking different emotions
in narratives. We demonstrate that contextualized
appraisals can be effectively modeled based on
narratives even without prior knowledge of the
underlying emotion, suggesting that the textual
content contains sufficient cues. Our identifica-
tion of unique appraisal patterns – Rising, Falling,
Valley-shaped, and Hill-shaped – highlights the
complexity of the appraisal process leading to dif-
ferent emotion responses, emphasizing the need for

a dynamic perspective on appraisal. These findings
carry further implications for emotion detection
applications, as recognizing appraisal trajectories
could enhance the accuracy of emotion classifica-
tion systems.

The fixed five-sentence narrative structure we
study facilitates a controlled analysis. Our find-
ings generalize to narratives of varying lengths,
provided that an additional step is taken to adapt
such data into the format we use. Another op-
tion would be to align and normalize trajectories
for variable-length narratives, which would further
broaden their applicability, although this remains a
topic for future research. Additionally, future work
should study the interplay between different combi-
nations of appraisals and how they relate to specific
emotion categories. Future research is required to
explore how to best leverage these trajectories to
optimize emotion detection in various contexts, ul-
timately deepening our understanding of the inter-
play between appraisals in narrative structure and
evoked emotions.

Limitations

This study has some limitations worth noting. The
zero-shot performance of the LLM for predicting
appraisals can be nuanced; while it demonstrates
potential, there seems to be considerable room for
improvement. Moreover, generating Likert-scale
numerical outputs with the LLM might not an opti-
mized approach for scoring appraisals, as it limits
calibration and comparability. Analyzing output
distributions and sensitivity across prompt variants
or repeated runs would strengthen the robustness
of our findings, as we only ran our experiments
once. We also utilize only one LLM for our analy-
sis, which may restrict the generalizability of our
findings. Different models may yield varying re-
sults in predicting appraisals. Additionally, our
analysis relies on data that has been automatically
generated, which can include biases or inaccuracies
inherent in the dataset. Human validation could,
for example, strengthen the reliability of our results.
To facilitate reproducibility, we provide access to
our code and model predictions, enabling further
exploration and validation of our findings.
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Suddenness

Familiarity

Predict_event

Pleasantness

Unpleasantness

Goal_relevance

Chance_responsblt

Self_responsblt

Other_responsblt

Predict_conseq

Goal_support

Urgency

Self_control

Other_control

Chance_control

Accept_conseq

Standards

Social_norms

Attention

Not_consider

Effort

Table 3: Averaged predicted appraisal trajectories in narratives per emotion categories in the EBS dataset. Each cell
presents five appraisal values computed from sub-sequences of data instances (five sentences each), reflecting the
average over 1000 instances. The bar color and height both represent the average Likert scale score from the range
of 1 to 5, with blue indicating the lowest (1), white the midpoint (3), and red the highest (5) values.
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Table 4 lists the 21 appraisal categories and defin-
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B Prompts
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appraisal analysis (two variants based on whether
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sage types2: a “system” message that establishes
the context for the interaction and includes general
guidelines; a “user” message that encapsulates the
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Abbreviation Appraisal Statement

suddenness The event was sudden or abrupt.
familiarity The event was familiar to its experiencer.
predict_event The experiencer could have predicted the occurrence of the event.
pleasantness The event was pleasant for the experiencer.
unpleasantness The event was unpleasant for the experiencer.
goal_relevance The experiencer expected the event to have important consequences for him/herself.
chance_responsblt The event was caused by chance, special circumstances, or natural forces.
self_responsblt The event was caused by the experiencer’s own behavior.
other_responsblt The event was caused by somebody else’s behavior.
predict_conseq The experiencer anticipated the consequences of the event.
goal_support The experiencer expected positive consequences for her/himself.
urgency The event required an immediate response.
self_control The experiencer was able to influence what was going on during the event.
other_control Someone other than the experiencer was influencing what was going on.
chance_control The situation was the result of outside influences of which nobody had control.
accept_conseq The experiencer anticipated that he/she could live with the unavoidable consequences of the

event.
standards The event clashed with her/his standards and ideals.
social_norms The actions that produced the event violated laws or socially accepted norms.
attention The experiencer had to pay attention to the situation.
not_consider The experiencer wanted to shut the situation out of her/his mind.
effort The situation required her/him a great deal of energy to deal with it.

Table 4: Appraisal categories used in our experiments.

specific inputs, requirements, and instructions for
the task.

C Appraisal Prediction Performance on
Isolated Instances

We evaluate the appraisal prediction performance
of our zero-shot model on the crowd-enVent test
data (Troiano et al., 2023). Results are shown in
Table 7 (model not informed about emotion) and
Table 6 (model informed about emotion). The pre-
dicted Likert scale points are evaluated with RMSE
(Root Mean Square Error) against the gold anno-
tations. Additionally, a classification prediction is
simulated by converting predictions of 1/2/3 to a
negative label, and 4/5 to a positive label (method
used by Troiano et al., 2023). The result is then
evaluated with Precision (P), Recall (R) and F1-
score (F1) against the gold annotations.

D Predicted Appraisals on Narratives by
Emotion Category

We predict appraisal categories as Likert scale
scores (range 1–5) for each of the narratives from
the Emotional Backstories dataset (Schäfer and
Klinger, 2025) and compute average scores for
each set of narratives per emotion category. Ta-

ble 8 displays the results for the scores predicted
by the model which has not been informed about
the emotion. Table 9 displays the results for the
scores predicted by the model which has been in-
formed about the emotion.
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MT Prompt Text

sy
st

em

You are an expert in the appraisal on event descriptions.

us
er A person describes their event experience as follows: {text_instance}. Based on this text, you’re asked to

assess the content in terms of the appraisals it conveys. Thus, your task is to identify appraisals in texts.

You will receive a list of appraisals and theire description. For each of the following 21 appraisal assessments
listed provide a score in the range of 1 (not at all) to 5 (extremely).

1. The event was sudden or abrupt (suddenness)
2. The event was familiar to its experiencer. (familiarity)
3. The experiencer could have predicted the occurrence of the event. (predict_event)
4. The event was pleasant for the experiencer. (pleasantness)
5. The event was unpleasant for the experiencer. (unpleasantness)
6. The experiencer expected the event to have important consequences for him/herself. (goal_relevance)
7. The event was caused by chance, special circumstances, or natural forces. (chance_responsblt)
8. The event was caused by the experiencer’s own behavior. (self_responsblt)
9. The event was caused by somebody else’s behavior. (other_responsblt)
10. The experiencer anticipated the consequences of the event. (predict_conseq)
11. The experiencer expected positive consequences for her/himself. (goal_support)
12. The event required an immediate response. (urgency)
13. The experiencer was able to influence what was going on during the event. (self_control)
14. Someone other than the experiencer was influencing what was going on. (other_control)
15. The situation was the result of outside influences of which nobody had control. (chance_control)
16. The experiencer anticipated that he/she could live with the unavoidable consequences of the event.
(accept_conseq)
17. The event clashed with her/his standards and ideals. (standards)
18. The actions that produced the event violated laws or socially accepted norms. (social_norms)
19. The experiencer had to pay attention to the situation. (attention)
20. The experiencer wanted to shut the situation out of her/his mind. (not_consider)
21. The situation required her/him a great deal of energy to deal with it. (effort)

As your response, provide only a json object and keep the appraisal labels as they are (eg.
"other_responsblt").
In addition to the given text, take into account the emotion: {emotion}. To what level were the appraisals
evoked in the person at the end? Take into account both the text and the emotion.

In your answer, only provide the score labels you have chosen as the output together with the input text and
emotion. Provide the output as a json object with the top-level key being ’appraisal’ and the low-level keys
being the concrete appraisals. The value must be the Likert-score.

For example, given a text instance, your json object output should be:
{
"chain": "{text_instance}",
"emotion": "null{emotion}",
"appraisals": {[...]}
} where [...] is a placeholder and you insert the 21 appraisals here.

The chain is: {text_instance}.
What are the appraisal scores for this chain? Only output the json object.

Table 5: Prompts used for zero-shot appraisal analysis. “MT” refers to the prompt message type as specified in the
input for the instruction-tuned LLM. “{text_instance}” and “{emotion}” are variables. The text marked in red is
only inserted when the model should not be informed about the emotion. The text marked in blue is only inserted if
the model should be informed about the emotion.
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Ours Troiano et al. (2023) ∆ Ours Troiano et al. (2023) ∆

Appraisal RMSE RMSE RMSE P R F1 P R F1 F1

Suddenness 1.44 1.33 -.11 .72 .65 .68 .70 .79 .74 .06
Familiarity 1.54 1.42 -.12 .51 .64 .57 .77 .82 .79 .22
Predict_event 1.45 1.47 .03 .59 .55 .57 .76 .74 .75 .18
Pleasantness 1.42 1.30 -.12 .79 .89 .84 .88 .87 .88 .04
Unpleasantness 1.18 1.26 .08 .87 .85 .86 .79 .80 .80 -.06
Goal_relevance 1.62 1.57 -.05 .53 .91 .67 .73 .69 .71 .04
Chance_responsblt 1.55 1.43 -.12 .61 .37 .46 .83 .87 .85 .39
Self_responsblt 1.37 1.40 .03 .72 .69 .70 .81 .77 .79 .09
Other_responsblt 1.50 1.57 .07 .80 .66 .72 .74 .72 .73 .01
Predict_conseq 1.46 1.50 .04 .59 .44 .50 .67 .71 .69 .19
Goal_support 1.50 1.33 -.17 .68 .71 .69 .80 .82 .81 .12
Urgency 1.77 1.43 -.34 .77 .30 .44 .63 .60 .61 .17
Self_control 1.46 1.35 -.11 .59 .56 .57 .78 .81 .79 .22
Other_control 1.63 1.36 -.27 .79 .58 .67 .64 .60 .62 -.05
Chance_control 1.55 1.35 -.20 .59 .29 .39 .84 .90 .87 .48
Accept_conseq 1.77 1.36 -.41 .52 .60 .55 .63 .65 .64 .09
Standards 1.30 1.34 .04 .69 .65 .67 .82 .83 .82 .15
Social_norms 1.13 1.44 .31 .59 .58 .58 .90 .95 .92 .34
Attention 1.43 1.27 -.16 .68 .87 .77 .50 .48 .48 -.29
Not_consider 1.52 1.53 .01 .60 .26 .37 .83 .71 .77 .40
Effort 1.37 1.38 .01 .67 .66 .66 .69 .70 .70 .04

Macro average 1.46 1.40 -.06 .66 .60 .62 .75 .75 .75 .13

Table 6: Appraisal prediction performance of our zero-shot model (setting with mention of emotion in prompt) on
the crowd-enVent test data in comparison to the fine-tuned model by Troiano et al. (2023).

Ours Troiano et al. (2023) ∆ Ours Troiano et al. (2023) ∆

Appraisal RMSE RMSE RMSE P R F1 P R F1 F1

Suddenness 1.55 1.33 -.22 .76 .60 .67 .70 .79 .74 .07
Familiarity 1.61 1.42 -.19 .49 .65 .56 .77 .82 .79 .23
Predict_event 1.50 1.47 -.03 .58 .59 .59 .76 .74 .75 .16
Pleasantness 1.14 1.30 .16 .78 .86 .82 .88 .87 .88 .06
Unpleasantness 1.26 1.26 -.00 .87 .81 .84 .79 .80 .80 -.04
Goal_relevance 1.58 1.57 -.01 .55 .87 .68 .73 .69 .71 .04
Chance_responsblt 1.59 1.43 -.16 .65 .44 .52 .83 .87 .85 .33
Self_responsblt 1.41 1.40 -.01 .72 .68 .70 .81 .77 .79 .09
Other_responsblt 1.55 1.57 .02 .79 .68 .73 .74 .72 .73 -.00
Predict_conseq 1.54 1.50 -.04 .57 .41 .48 .67 .71 .69 .21
Goal_support 1.47 1.33 -.14 .68 .68 .68 .80 .82 .81 .13
Urgency 1.88 1.43 -.45 .79 .28 .41 .63 .60 .61 .20
Self_control 1.50 1.35 -.15 .58 .58 .58 .78 .81 .79 .21
Other_control 1.68 1.36 -.32 .78 .57 .66 .64 .60 .62 -.04
Chance_control 1.56 1.35 -.21 .62 .35 .44 .84 .90 .87 .43
Accept_conseq 1.76 1.36 -.40 .52 .60 .56 .63 .65 .64 .08
Standards 1.30 1.34 .04 .74 .54 .62 .82 .83 .82 .20
Social_norms 1.11 1.44 .33 .62 .52 .56 .90 .95 .92 .36
Attention 1.43 1.27 -.16 .68 .87 .76 .50 .48 .48 -.28
Not_consider 1.57 1.53 -.04 .75 .18 .29 .83 .71 .77 .48
Effort 1.39 1.38 -.01 .69 .61 .65 .69 .70 .70 .06

Macro average 1.49 1.40 -.09 .68 .59 .61 .75 .75 .75 .14

Table 7: Appraisal prediction performance of our zero-shot model (setting without mention of emotion in prompt)
on the crowd-enVent test data in comparison to the fine-tuned model by Troiano et al. (2023).
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Anger 2.9 2.7 2.2 1.7 3.8 4.3 1.9 2.3 4.0 2.8 1.9 3.1 2.3 3.8 1.7 2.6 3.1 2.1 4.7 1.5 4.0

Boredom 3.1 2.7 2.3 2.0 3.5 3.7 2.4 2.3 3.5 2.6 2.2 3.0 2.3 3.5 2.1 3.0 2.3 1.4 4.4 1.5 3.7

Disgust 2.7 2.5 2.0 1.5 4.0 3.8 1.8 1.9 4.0 2.8 1.6 2.9 2.1 3.8 1.6 2.4 3.7 3.1 4.6 1.5 3.7

Fear 3.0 2.5 2.2 1.5 3.9 4.4 2.3 2.3 3.3 3.1 1.8 3.6 2.5 3.5 2.0 2.5 2.8 1.9 4.9 1.4 4.2

Guilt 2.6 3.0 2.5 1.9 3.4 4.2 1.8 3.7 2.8 2.9 2.2 3.2 3.0 3.1 1.6 2.8 2.8 1.7 4.6 1.4 3.8

Joy 2.8 2.9 2.4 2.9 3.0 4.4 2.2 2.8 3.1 3.1 3.3 3.3 3.2 3.1 1.9 3.5 1.9 1.2 4.7 1.1 3.9

Pride 2.6 3.1 2.7 3.4 2.4 4.5 1.9 3.7 2.9 3.5 3.9 3.3 4.2 2.6 1.5 4.0 1.6 1.1 4.7 1.0 4.1

Relief 3.3 2.4 1.9 1.8 3.9 4.4 2.6 2.4 3.3 2.8 2.1 4.0 2.7 3.4 2.2 2.7 2.5 1.4 4.9 1.2 4.4

Sadness 2.5 3.5 2.6 2.5 3.1 4.2 2.3 2.3 3.0 2.9 2.7 2.4 2.6 3.1 1.9 3.3 2.0 1.2 4.5 1.4 3.5

Shame 2.7 2.9 2.4 1.9 3.6 4.3 1.8 3.8 2.7 2.9 2.1 3.2 2.9 3.1 1.5 2.8 2.9 1.7 4.7 1.5 3.9

Surprise 2.9 2.7 2.2 2.3 3.3 3.7 2.4 2.1 3.5 2.7 2.4 3.0 2.4 3.5 2.1 3.1 2.2 1.4 4.5 1.2 3.6

Trust 2.7 2.8 2.2 3.0 2.8 3.9 2.0 2.3 3.5 2.9 3.2 2.9 2.7 3.5 1.7 3.6 2.0 1.4 4.5 1.1 3.5

No-Emotion 3.0 3.0 2.6 2.5 3.1 4.0 2.3 2.9 3.1 3.0 2.7 3.3 3.1 3.1 1.9 3.4 2.0 1.3 4.5 1.4 3.9

Table 8: Appraisal scores of narratives per emotion category of model not informed about the emotion. Positive
(negative) values are marked with red (blue) background color.
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Anger 3.0 2.5 2.0 1.2 4.5 4.4 1.8 2.0 4.2 2.8 1.4 3.3 2.1 4.0 1.7 2.0 4.1 2.7 4.9 1.5 4.3

Boredom 2.8 2.8 2.4 1.5 3.4 3.2 2.5 2.2 3.4 2.6 1.7 2.7 2.2 3.5 2.2 2.9 2.2 1.4 3.8 2.3 3.3

Disgust 2.8 2.3 1.9 1.1 4.6 3.9 1.8 1.8 4.1 2.8 1.2 3.1 2.0 3.8 1.7 2.0 4.4 3.5 4.8 2.0 4.0

Fear 3.2 2.3 2.1 1.2 4.3 4.6 2.4 2.3 3.3 3.0 1.4 3.9 2.3 3.5 2.2 2.1 3.2 2.1 4.9 1.5 4.4

Guilt 2.7 2.9 2.4 1.4 4.0 4.4 1.7 4.2 2.5 2.9 1.6 3.3 2.9 3.0 1.5 2.3 3.9 2.2 4.7 1.8 4.0

Joy 2.8 2.9 2.4 3.7 2.3 4.4 2.2 2.9 3.1 3.2 3.9 3.2 3.3 3.0 1.8 4.0 1.7 1.2 4.6 1.1 3.7

Pride 2.5 3.1 2.7 4.0 2.0 4.7 1.8 4.1 2.8 3.7 4.5 3.3 4.4 2.5 1.4 4.4 1.4 1.1 4.6 1.0 4.1

Relief 3.3 2.4 1.9 2.4 3.4 4.5 2.6 2.5 3.2 2.9 2.8 4.1 2.7 3.3 2.2 3.6 2.4 1.4 4.9 1.3 4.2

Sadness 2.5 3.4 2.6 1.8 3.9 4.4 2.4 2.2 2.9 2.9 2.0 2.5 2.4 3.1 2.2 2.8 2.4 1.2 4.6 1.7 3.7

Shame 2.7 2.7 2.3 1.3 4.3 4.4 1.7 4.1 2.4 2.7 1.3 3.3 2.5 3.2 1.6 2.1 4.2 2.4 4.8 2.3 4.2

Surprise 3.7 2.2 1.8 2.2 3.3 3.8 2.6 2.0 3.4 2.4 2.4 3.3 2.2 3.5 2.3 3.0 2.4 1.5 4.7 1.2 3.7

Trust 2.6 2.9 2.2 3.2 2.6 4.0 1.9 2.3 3.5 3.0 3.5 2.9 2.9 3.5 1.6 3.8 1.9 1.4 4.4 1.1 3.4

No-Emotion 2.9 3.1 2.7 2.3 2.9 3.7 2.2 2.8 3.0 3.0 2.5 3.2 3.1 3.0 1.9 3.4 1.8 1.2 4.3 1.3 3.7

Table 9: Appraisal scores of narratives per emotion category of model informed about the emotion. Positive
(negative) values are marked with red (blue) background color.
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Abstract

Given Farsi’s speaker base of over 127
million people and the growing availability of
digital text, including more than 1.3 million
articles on Wikipedia, it is considered a
“middle-resource” language. However, this
label quickly crumbles when the situation
is examined more closely. We focus on
three subjective tasks (Sentiment Analysis,
Emotion Analysis, and Toxicity Detection)
and identify significant challenges in data
availability and quality, despite overall
increases in data availability. We review 110
publications on subjective tasks in Farsi and
observe a lack of publicly available datasets.
Furthermore, existing datasets often lack
essential demographic factors, such as age
and gender, that are crucial for accurately
modeling subjectivity in language. When
evaluating prediction models using the few
available datasets, the results are highly
unstable across both datasets and models. Our
findings show that the volume of data alone is
insufficient to improve a language’s standing
in NLP.

1 Introduction
Many NLP tasks, like emotion classification,
are inherently subjective. There are different
valid perspectives on the “correct” data labels.
How emotions are perceived, for example, differs
between the sender and the receiver’s subjective
interpretations (Barz et al., 2025). The same
message, expressing frustration or sarcasm, could
be interpreted humorously by one individual
but taken offensively or negatively by another,
depending on their cultural background, personal
experiences, or situational context.
Subjective tasks in NLP, such as emotion

analysis, sentiment analysis, and toxic detection,
have received increasing attention because they
directly affect societal aspects, including decision-
making, customer feedback, product evaluation,

and the understanding of social dynamics in
general (Nandwani and Verma, 2021). These tasks
involve assigning texts to specific emotions or
sentiments that best reflect the author’s mental or
emotional state (Tao and Fang, 2020). Recent
surveys in emotion and sentiment analysis (Murthy
and Kumar, 2021; Kusal et al., 2022; Singh Tomar
et al., 2023; Hung and Alias, 2023; Venkit et al.,
2023; Al Maruf et al., 2024; Plaza-del Arco et al.,
2024; Song et al., 2025) have primarily focused on
identifying available datasets, reviewing models,
exploring detection techniques across various
modalities (e.g., visual, vocal, textual), and
discussing applications. These studies focus on
English and do not consider other languages such
as Farsi1.
Language technologies play a crucial role

in promoting multilingualism and preserving
linguistic diversity worldwide. However, many
languages still face challenges in resource
availability, particularly for subjective tasks,
despite having substantial digital resources and
peer-reviewed research. This is the case for Farsi,
which has over 1.3 million Wikipedia articles2
and has been classified by Joshi et al. (2020)
as a language with a strong web presence but
insufficient efforts in labeled data collection,
ranking just below high-resource languages.
Despite these resources, research on subjective
tasks in Farsi remains notably scarce, making it
a low-resource language in this domain.
The Farsi script, also known as the Perso-Arabic

script, is a modified form of the Arabic alphabet
(Izadi et al., 2006). Persian and its dialects
are official languages in Iran, Afghanistan, and
Tajikistan, and are also spoken by minority
communities in Uzbekistan, Turkmenistan,
Azerbaijan, Armenia, Georgia, and southern

1Also known as Persian.
2https://en.wikipedia.org/wiki/Persian_

Wikipedia
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Russia. While Farsi and Arabic scripts are often
considered similar due to their shared roots, they
differ in their alphabets and their writing styles
(Izadi et al., 2006).
While a few survey studies in Farsi focus on

sentiment analysis and discuss resource limitations
and methodological developments (Rajabi and
Valavi, 2021; Asgarnezhad and Monadjemi, 2021;
Borowczyk, 2023), to the best of our knowledge,
no existing work provides a comprehensive survey
of multiple subjective tasks in Farsi. The scope
of this Paper includes evaluating different encoder-
only models and LLMs across three key tasks:
emotion analysis (EA), sentiment analysis (SA),
and toxic detection (TD). These tasks span a range
of applications and research communities, from
traditional sentiment analysis of product reviews
to offensive-language detection. This list is by
no means exhaustive for subjective language tasks
such as humor detection, sarcasm detection, and
metaphor detection. Rather, we highlight the areas
with the most dataset availability in the literature
we surveyed. This gap is particularly concerning
in the era of LLMs, where these systems are not
only widely accessible but also increasingly used
for subjective discussions (Ouyang et al., 2023). It
is essential to evaluate their ability to understand
and process sentiment and emotion in Farsi, as well
as to assess their handling of toxicity to ensure
safe and responsible interactions. The lack of
research in this area underscores the urgent need
for a focused exploration to ensure that Farsi, like
other languages, benefits from advancements in
subjective NLP.
We collect relevant studies from publications

drawn primarily from ACL Anthology3, and
complemented by additional searches on Google
Scholar4. We report the available dataset for each
task, including important metadata such as dataset
size, labels, and source. Additionally, we evaluate
various language models on selected datasets to
assess their capabilities for these subjective tasks
in Farsi.
We present the following key contributions:

• A detailed survey of publications, datasets,
and resources specific to the three subjective
tasks in Farsi: sentiment analysis, emotion
analysis, and toxicity detection.

3https://aclanthology.org/anthology+
abstracts.bib

4https://scholar.google.com/

• An experimental evaluation of encoder-only
multilingual models and open-source LLMs
on these tasks in Farsi.

• An analysis of the impact of text translation
as a potential solution to address low-resource
challenges in Farsi language.

2 Background
Subjective tasks such as EA, SA, and TD often
pose unique challenges due to their reliance on
context, cultural nuances, and linguistic features.
The EA involves classifying emotions expressed
in a text (e.g., joy, sadness, anger) (Alm
et al., 2005). For instance, recognizing the
nuanced difference between Farsi expressions like
گرفت“ ”دلش (delash gereft, literally “his/her heart
became tight”) conveying sadness, versus دارد“
”دلشوره (delshooreh dārad, literally “he/she has
a salty heart”) depicting anxiety, requires deep
cultural and contextual understanding compared
to relatively straightforward English expressions
like “feeling sad” or “feeling anxious”. The
SA consists of determining the sentiment polarity
of a text, typically positive, negative, or neutral
(Wilson et al., 2005). For example, the Persian
expression خاليه“ تو ”جای (jāye to khālie, literally
“your place is empty”) carries a positive sentiment,
often implying affection, inclusion, and the
speaker expresses a desire for the listener’s
presence. However, translated directly into
English, it may suggest loneliness, absence, or
even negativity. Such examples underscore
the importance of accurately capturing sentiment,
which requires sensitivity to cultural context and
linguistic nuances. Toxicity detection consists
of identifying language or content considered
harmful, offensive, abusive, hateful, or otherwise
inappropriate (Pavlopoulos et al., 2020). The
interpretation of what constitutes toxic content
often varies significantly based on cultural and
societal norms. For example, the phrase کمه“
”عقلت (“you’re not very smart”) in Farsi might be
considered mildly humorous among close friends
but is perceived as offensive in formal or public
contexts.

3 A Survey on NLP Studies Covering
Subjective Tasks in Farsi

To identify relevant papers with resources related
to For EA, SA, and TD tasks in Farsi, we
design a structured search query comprising
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three main components: <Task>, <Dataset>,
and <Language>5. The <Task> component
includes the three NLP tasks we explore: the
EA, SA, and TD. To ensure a comprehensive
selection of studies for these tasks, we identify
papers whose titles or abstracts include keywords
associated with each task. For the EA task, our
query includes the terms “emotion classification”,
“emotion detection”, “emotion recognition”,
“emotion analysis”, and “emotion prediction”.
For the SA task, we incorporate the following
keywords: “polarity classification”, “sentiment
classification”, and “sentiment analysis”. Lastly,
for the TD task, we use terms including “hate
speech detection”, “offensive language detection”,
“hate speech classification”, “offensive language
classification”, “toxic detection”, and “toxic
classification”. The <Dataset> component
includes related terms, i.e., “data set,” “dataset,”
“corpus”, and “corpora”. Finally, the <Language>
component explicitly focuses on language-related
terms, namely “Farsi” and “Persian”. Our query
variations are derived from 5 keywords associated
with the EA, 3 with the SA, and 6 with the TD
tasks (a total of 14 keywords), combined with
4 dataset formulation strategies and 2 for the
language, yielding a final total of 112 unique
phrase searches. To further expand our search, we
also collect publications using only <Task> and
<Language>, adding 28 additional search phrases.
In total, we executed 140 unique phrase searches.
We identify 12 unique papers from the ACL

Anthology: eight focused on SA, four on EA, and
none on the TD task. This absence indicates the
lack of research and publicly available datasets
on Farsi toxicity detection in the ACL Anthology.
To expand our search results, we also use
Google Scholar. Google Scholar lists papers
from different research databases; however, it is
difficult to verify all the returned sources. We
use the SerpApi6 library to retrieve papers from
Google Scholar. To limit the search results from
this engine, we configure the SerpApi to only
return the top 10 relevant papers for a given search
keyword. This limitation allows us to verify their
publishers manually. This search strategy adds 98
more papers which 40 from arXiv7, 16 from IEEE8,

5All searches are updated by March 2025.
6https://serpapi.com/
7https://arxiv.org/
8https://www.ieee.org/

Figure 1: Distribution of papers considered in our
survey by year and tasks (EA: Emotion Analysis, SA:
Sentiment Analysis, and TD: Toxicity Detection).

12 from Springer9, and 30 from other publishers.
Thus, we have a total of 110 papers10(only

11% from ACL Anthology), with 36 papers for
EA, 58 papers for SA, and 16 papers for TD11.
Figure 1 shows the statistics of the collected papers
published from 2006 to 2025. The SA task
represents the largest share at 52.7% (58 out of
110) of all papers, followed by EA at 32.7% (36
out of 110). The EA task began among the non-
NLP community in 2006, focusing on EA through
speech. The number of publications remained
low in the early years; however, by 2024, the EA
in Farsi had increased to 8 papers incorporating
text-based modalities. The TD task, which did
not appear until 2021, already accounts for nearly
14.5% (16 out of 110) of papers by 2025, indicating
that TD is becoming an increasingly important area
of research in NLP Farsi.

3.1 Annotation Criteria

After identifying relevant papers, we conduct a
manual annotation to summarize and categorize
the papers based on consistent criteria. The
motivation here is to identify publicly available
datasets in Farsi for each task. We adopt the
annotation framework proposed by Plaza-del
Arco et al. (2024), which suggests surveying EA
datasets based on five key aspects: annotation
framework, language, multimodal, content source,
and dataset size. We expand this framework

9https://www.springer.com/
10The list of the reviewed papers is available at

https://anonymous.4open.science/r/subjective_
tasks_farsi-8874/README.md

11Three of these papers are in the Farsi language and were
published at local conferences within Iran.
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to all the considered subjective tasks and
include additional details: lexicon, the type of
classification task (e.g., binary, multiclass, or
multilabel), and, specifically for studies involving
dataset creation, whether the demographics of
annotators are explicitly considered. We also
include information on the availability of datasets
used in each paper.

Our annotation results reveal several trends.
For the data modalities, most works (86.4%)
are text-based, a few (4.5%) combine text
with speech, and 8.2% focus on speech-only
datasets. In addition, only one paper (0.9%)
uses acoustic and visual data. The datasets used
in the reviewed papers are from social media
platforms, e-commerce websites, and specialized
corpora. The most frequently used sources for
social media for all tasks are X12 (previously
Twitter) and Instagram13.The e-commerce source
is mostly Digikala14, Iran’s largest online retail
platform, which contains extensive user-generated
product reviews that are valuable for sentiment
analysis. Additional sources include datasets from
Booking.ir15, a popular platform for hotel reviews,
movie review comments16. In some cases,
authors use specialized resources such as radio
plays or collect datasets from surveys of specific
populations. Based on our review collection for
data availability, we identify three categories of
papers: (I) papers without datasets, (II) papers
with datasets that are not publicly available, and
(III) papers with publicly available datasets. We
identify 17 of the 36 EA papers as dataset papers,
but only 7 provide publicly available datasets.
In particular, 4 of these 7 datasets are from the
ACL Anthology. For SA, we identify 33 dataset
papers, but only 5 datasets are available (3 from
the ACL Anthology). Finally, TD has 14 papers
on datasets, 3 of which are publicly available,
and none from the ACL Anthology. In total, we
therefore identify 15 publicly available datasets
across the three tasks. In the following sections,
we provide further details on the available datasets
for each task, along with their characteristics.

12https://x.com/
13https://www.instagram.com/
14https://www.digikala.com/
15https://www.booking.ir/
16From https://cinematicket.org/

3.2 Datasets

Table 1 presents a list of publicly available datasets
along with detailed information on their names,
label sources, data sources, sizes, and modalities.

EA datasets: We identify seven datasets for
EA. The Shemo (Yazdani et al., 2021) dataset
is derived from radio plays and annotates five
primary emotions, i.e., anger, fear, happiness,
sadness, and surprise along with a neutral
category, comprising 3,000 samples. This
dataset is the only dataset with both text and
speech modality, and the rest of the datasets
are text-only. ShortPersianEmo (Sadeghi
et al., 2021) is from comments on the Digikala
website, an e-commerce platform in Iran. The
SAT (Elahimanesh et al., 2023) dataset originates
from chatbot conversations and distinguishes
a broader spectrum of emotions (happy, angry,
anxious, ashamed, disappointed, disgusted,
envious, guilty, insecure, loving, sad, and jealous)
across 5,600 samples. The SAT dataset also
includes the demographic information (age and
gender) of participants. ArmanEmo (Mirzaee
et al., 2022) and LetHerLearn (Hussiny and
Øvrelid, 2023), EmoPars (Sabri et al., 2021a)
consist of tweets annotated with common
emotions such as anger, fear, sadness, happiness,
and either wonder or surprise. In particular,
EmoPars is annotated by a multilabel annotation
approach, assigning a numerical value between
0 and 5 to each emotion (anger, fear, happiness,
hatred, sadness, and wonder). None of these
datasets fully adhere to well-known frameworks
for emotion analysis such as Ekman’s framework
(Ekman et al., 1999) which includes anger,
fear, sadness, joy, disgust, and surprise or
Plutchik’s model (Plutchik, 1982), which
encompasses eight primary emotions: anger,
anticipation, disgust, fear, joy, sadness, surprise,
and trust. LearnArmanEmo (Hussiny et al.,
2024) combines ArmanEmo and LetHerLearn by
unifying their labels based on Ekman’s framework.
In this unified approach, the label “happiness” is
used instead of “joy”, and an “other” category is
added to capture emotions outside the defined set.

SA datasets: Pars-ABSA (Shangipour ataei
et al., 2022), Persian Digikala (Kobari et al.,
2023), and Persian-English code-mixed datasets
(Sabri et al., 2021b) categorize sentiment of Farsi
sentences into positive, negative, and neutral
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Task Dataset Mult. Labels Source Size Included

EA Shemo T, S E + [neutral] radio plays 3,000 -
EA ShortPersianEmo T [happiness, sadness, anger, fear, other] e-commerce 5,472 -
EA SAT T E + [anxious, ashamed, disappointed, envious, guilty, insecure, loving, jealous] chatbot conv. 5,600 -
EA ArmanEmo T E - [disguss] + [hate, other] social media 7,000 ✓
EA LetHerLearn T E + [other] social media 7,600 ✓
EA LearnArmanEmo T E + [other] social media 14,880 -
EA EmoPars T E - [disgust] + [hatred] social media 30,000 ✓
SA SentiPers T [−2, −1, 0, +1, +2] e-commerce 15,683 ✓
SA Pers.-Eng. T [negative, neutral, positive] social media 3,640 -
SA Persian Digikala T [negative, neutral, positive] e-commerce 34,465 -
SA Pars-ABSA T [negative, neutral, positive] e-commerce 10,002 ✓
SA MirasOpinion T [-1, 0, +1] e-commerce 93,868 ✓
TD Phate T [hateful (violence, hate, vulgar), normal] social media 7,056 ✓
TD PHICAD T [hate/offense, obscene, spam, none] social media 300,000 ✓
TD Pars-OFF T [offensive, not-offensive] social media 8,334 ✓

Table 1: Overview of publicly available and private datasets used for subjective tasks in Farsi. Task presents
Emotion Analysis (EA), Sentiment Analysis (SA), and Toxicity Detection (TD). The columns provide details on
the dataset name if provided (Dataset), which content modality that dataset uses (Mult.), annotation labels (Labels),
source of the data (Source), the dataset size (Size), and if they are included in our experiments (Included). [E]
Ekman framework. [T] Text and [S] Speech.

Task Prompt
EA Given a text, identify the main emotion expressed. You have to pick one of the following

emotions: [List of dataset labels]. Text: {input} Only answer with the emotion and omit
explanations. Emotion: {output}

SA Given a text, identify the sentiment expressed. You have to pick one of the following sentiments:
[List of dataset labels]. Text: {input} Only answer with the sentiment and omit explanations.
Sentiment: {output}

TD Does the following text contain [hate speech/ offensive language]? Only answer with yes or no.
Text: {input}, Hate speech: {output}

Table 2: Prompt templates for Emotion Analysis (EA), Sentiment Analysis (SA), and Toxicity Detection (TD)
tasks.

labels. In particular Persian-English code-mixed
dataset provides 3,640 labeled tweets, making it
one of the few resources addressing sentiment
in code-mixed Persian-English text. SentiPers
(Hosseini et al., 2018) contains 15,683 Digikala
reviews annotated on a five-point scale ranging
from −2 to +2. MirasOpinion is the largest
available dataset collected from Digikala for SA
in Farsi language with 93,868 samples. They label
each sentence by using a Telegram17 bot to several
users. They ask them to label the represented
document as positive, negative, or neutral.

TD datasets: We find three datasets, each
exclusively in text. Phate (Delbari et al., 2024)
contains tweets that distinguishes between hateful
content (with subcategories of violence, hate, and
vulgar) and normal content, comprising 7,056
samples. The PHICAD (Davardoust et al., 2024)
dataset is significantly larger, containing 300,000
samples, and labels content into hate/offense,

17https://web.telegram.org/

obscene, spam, or none, also sourced from
comments on the Instagram platform. Lastly,
Pars-OFF (Ataei et al., 2023) focuses on a binary
classification of offensive versus non-offensive
content with 8,334 samples of tweets.

These datasets, while valuable for advancing
Farsi subjective analysis tasks, face several
limitations. Many of them exhibit a narrow focus
in terms of data sources, mostly based on tweets
and comments on the Digikala platform, which
may limit the generalizability of models trained on
them to other contexts. Moreover, they also suffer
from a lack of demographic information. Only
two datasets of EA (Shemo and SAT) provide the
demographic factors (e.g., gender in Shemo and
age and gender for SAT). Only authors of three
datasets (Yazdani and Shekofteh, 2022) provide
detailed documentation on how annotations were
conducted, whether multiple annotators were used,
or what inter-annotator agreement was achieved.
Without such information, it is difficult to assess
the reliability of the labels used to train or evaluate
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models.
Evaluating these datasets using LLMs may help

address some of these shortcomings. Abaskohi
et al. (2024) shows the low performance of GPT3.5
and GPT418 on the emotion recognition task using
only the ArmanEmo dataset. In the following
section, we extend these evaluations by using
various open-source models and datasets.

4 Evaluation Setting

4.1 Data

To evaluate the performance of language models
on subjective tasks in Farsi, we select three
datasets per task. For EA, we use ArmanEmo,
LetHerLearn, and EmoPars. Since EmoPars
contains multilabel emotions, we filter the dataset
to include only samples in which one emotion
has a non-zero value while all others are zero.
With this approach, we reduce the size of the
EmoPars dataset to 5,226 samples. We exclude
the Shemo dataset because it relies on speech
data, and the transcriptions alone do not adequately
capture the nuances of emotion. We also excluded
the SAT dataset due to its large number of
labels, which could negatively affect language
model performance. Finally, we exclude the
LearnArmanEmo dataset, as it is derived from the
LetherLearn and ArmanEmo datasets. For SA,
we use ParsABSA, SentiPers, and a subsample
of MirasOpinion. Since MirasOpinion is a very
large dataset, we evaluate our language models
on 30k randomly selected samples. We exclude
the Persian-English code-mixed dataset due to its
limited size and its primary focus on Persian code-
mixed vocabulary. For the TD tasks, we use all the
available datasets presented in Table 1. Given that
the PHICAD dataset is extensive, with 300,000
samples, we experiment on a subsample provided
by Davardoust et al. (2024)19of the dataset with
131,959 instances.

4.2 Models

4.2.1 Open Source Decoder-only Models

From the family of decoder-only LLMs, we
select three instruction-tuned versions of popular
open-source models, which are Meta-Llama-3-
8B-Instruct (Dubey et al., 2024), Mixtral-8x7B-
Instruct-v0.1 (Jiang et al., 2024), and Qwen2-7B-

18https://openai.com/
19Part 1 available at https://github.com/

davardoust/PHICAD

Instruct (Yang et al., 2024). For each task, we
use a zero-shot approach to detect the relevant
labels of emotions for EA, sentiments for SA, and
hate speech/offensiveness for TD. We use two
different prompting strategies on a subset of EA
and SA datasets (see Appendix B), then we use
the following prompt template that yielded the best
performance across these datasets. For TD, we
exclusively use the prompt introduced by Delbari
et al. (2024). We summarize the list of prompts in
Table 2. For the EA and SA template, we ask the
model to identify the main emotion and sentiment
expressed in the text, selecting from a predefined
list of dataset-specific labels.

Task Model Lang. Template Avg. F1

(I) (II)

EA

Llama3-8B FA 0.19 0.19 0.19
EN 0.18 0.20 0.19

Mixtral-7B FA 0.20 0.19 0.19
EN 0.20 0.19 0.19

Qwen2-7B FA 0.19 0.20 0.19
EN 0.20 0.17 0.18

SA

Llama3-8B FA 0.46 0.64 0.55
EN 0.46 0.48 0.47

Mixtral-7B FA 0.50 0.77 0.63
EN 0.48 0.54 0.51

Qwen2-7B FA 0.48 0.36 0.42
EN 0.48 0.46 0.47

Table 3: The performances of LLMs in macro average
F1 scores for two prompting templates on the EA task
for the EmoPars dataset and SA for the MirasOpinion
dataset are reported. We use Farsi (FA) and English
(EN) versions of datasets (Lang.). The EN version is
translated by the NLBB model. Avg. F1 is the average
F1 score across templates.

4.2.2 Data Translation Experiments

Etxaniz et al. (2024) suggest that translating
non-English datasets to English can enhance
the performance of multilingual LLMs. We
adopt this strategy by translating our datasets
to assess their impact on model results. Since
multiple machine translation systems are available,
we first translated a subsample of 100 Farsi
sentences using Google Translate20, the NLBB
model (Costa-Jussà et al., 2022), and GPT-4o.
After manual evaluation, we found that Google
Translate produced the lowest-quality translations.
Both NLBB and GPT-4o provided acceptable
results, though they still exhibited issues such as
literal translations, mistranslations, and omissions.

20https://translate.google.com/
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Ultimately, we chose to use NLBB because it is
open source.

4.2.3 Encoder-only Models

For encoder-only architectures, we adopt standard
fine-tuning approaches using XLM-RoBERTa
(Conneau et al., 2020) and FaBERT (Masumi
et al., 2025). XLM-RoBERTa is a multilingual
transformer-based language model pre-trained on
data from more than 100 languages. FaBERT is
a Persian BERT base model pre-trained on the
HmBlogs corpus, which includes both informal
and formal Farsi texts. We fine-tune both models
on nine datasets spanning the EA, SA, and TD
tasks. Fine-tuning is performed by adding a
classification head on top of the model’s final
hidden representations and optimizing it using a
cross-entropy loss.

5 Results
In this section, we present the outcomes of our
experiments, detailing the evaluation of prompt
selection, LLMs’ performances on the datasets in
Farsi and their translation in English, and the fine-
tuning approach.

5.1 Experiment 1: Prompt Variations and
Data Translation

Prompt variations, even the smallest of
perturbations such as adding a space at the
end of a prompt, can affect the LLM’s output
(Salinas and Morstatter, 2024). In this regard,
we include two prompting strategies: the first
involves directly asking the LLM to identify the
subjective label of a given text, while the second
includes the text’s data source as part of the prompt.
For EA, we use a subsample from the EmoPars
dataset, and for SA, we select the subsample of
the MirasOpinion dataset. We choose these two
publicly available datasets, because they are from
the ACL Anthology and they have the largest
sample sizes, with sample sizes of 5,226 for
EmoPars and 30k for MirasOpinion. We evaluate
two distinct prompt templates, as described in
Appendix B, on these sub-samples.
Table 3 shows the performance of selected

LLMs in EA and SA tasks over selected sub-
samples in Farsi and English. The results
of EA exhibit low F1-scores (between 0.18–
0.20) across all models and configurations, with
minimal differences between the original (FA) and
translated (EN) data and only marginal variations

due to template changes. Using English translation
does not consistently improve the results. In the
EA, translation to English has a minimal overall
impact, with two models showing no change
(Llama3-8B and Mixtral-7B). For Qwen2-7B, we
observe a slight decrease in the English version of
the data. The same trend is for the SA task, where
all models have a lower average F1 score over
English texts, except for the Qwen2-7B model,
whose translation increases the average F1-score
from 0.42 to 0.47, which is negligible. Regarding
different prompt templates, we do not observe
significant improvements over a specific template
in the EA task. However, in the SA task, template
(II) performs better than both the Farsi and English
versions of the data, except for the Qwen2-7B
model. These findings suggest that both prompt
design and data translation strategies for these
subjective tasks in the Farsi language have a slight
influence on model outcomes, particularly in EA.

5.2 Experiment 2: LLM and Fine-Tuned LM
Evaluations

Based on results in Table 3, we use the prompt
template (II) and datasets in Farsi (no translation)
in a zero-shot setup to evaluate the different
LLMs’ performances across the selected datasets
in Section 4.1. Table 4 presents the macro
average F1-score, across all tasks, datasets, and
LMs. Performance is benchmarked against two
baselines: a random classifier and aMost Frequent
Class (MFC) baseline.
First, across all tasks, the fine-tuned transformer

encoders (XLM-RoBERTa and FaBERT)
consistently outperform the LLMs and baselines.
This performance gap is most pronounced in
Emotion Analysis, where XLM-RoBERTa and
FaBERT achieve average F1-scores of 0.554 and
0.586, respectively, compared to 0.332–0.370
for the LLMs. Across all LLMs, Qwen2-7B
consistently outperforms the other models,
achieving the highest average F1-score in EA
(0.370), SA (0.563), and TD (0.809). At the
dataset level, Qwen2-7B achieves higher scores
than ArmanEmo and LetHerLearn. Over the
EmoPars dataset, Llama3-8B achieves a 0.227
average F1-score, which is slightly better than
Qwen2-7B’s 0.218 average F1-score. In the
SA task, the differences between model classes
narrow but remain significant. Qwen2-7B
achieves the strongest average among LLMs
(0.563), outperforming both Llama3-8B (0.534)
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LLMs Fine-tuned LMs Baselines

Task Dataset Llama3-8B Mixtral-7B Qwen2-7B XLM-RoBERTa FaBERT Random MFC

EA
ArmanEmo 0.426 0.296 0.510 0.630 0.641 0.135 0.061
LetHerLearn 0.343 0.348 0.383 0.653 0.550 0.151 0.048
EmoPars 0.227 0.188 0.218 0.380 0.566 0.152 0.048

Avg. 0.332 0.277 0.370 0.554 0.586 0.146 0.052

SA
ParsABSA 0.501 0.498 0.444 0.856 0.441 0.242 0.168
SentiPars 0.453 0.351 0.562 0.564 0.570 0.199 0.108
MirasOpinion 0.647 0.608 0.683 0.854 0.854 0.330 0.230

Avg. 0.534 0.486 0.563 0.758 0.622 0.257 0.169

TD
Phate 0.674 0.682 0.562 0.748 0.849 0.504 0.412
Pars-OFF 0.696 0.741 0.925 0.854 0.889 0.491 0.412
PHICAD 0.770 0.789 0.942 0.950 0.950 0.500 0.418

Avg. 0.640 0.737 0.809 0.851 0.896 0.499 0.414

Table 4: Macro average F1-scores for each model and dataset across three tasks: SA = Sentiment Analysis, TD =
Toxicity Detection, EA = Emotion Analysis. Averages are calculated per task. MFC is Most Frequent Class. The
highest average F1-score per task is highlighted in bold.

and Mixtral-7B (0.486). This suggests that
Qwen2-7B may encode sentiment-related features
more effectively. However, the fine-tuned
models again show superior performance. XLM-
RoBERTa, in particular, achieves an average
score of 0.758, an improvement over Qwen2-7B.
Interestingly, FaBERT performs unevenly across
datasets: it delivers competitive or even equal
performance on MirasOpinion and SentiPars but
falls behind on ParsABSA. This inconsistency
may indicate dataset-specific biases or annotation
standards that affect the model’s generalizability.
In the TD task, where all model families

achieve their highest overall performance,
LLMs approach the fine-tuned models. Qwen2-
7B performs remarkably well, achieving an
average score of 0.809, which is close to XLM-
RoBERTa (0.851) and not far behind FaBERT
(0.896). This strong performance aligns with
the observation that toxicity classification relies
heavily on identifying explicit lexical cues and
linguistic markers that may be well represented
in multilingual pretraining corpora. In this task,
Qwen2-7B not only outperforms the other LLMs
but also surpasses XLM-RoBERTa on Pars-OFF
and PHICAD, suggesting that Qwen2-7B may
be particularly well equipped for tasks involving
offensive or toxic language categorization.
Taken together, these findings reveal that

supervised fine-tuning on task-specific data
remains essential to achieve better performance
on these subjective tasks in Farsi, even with

increasingly powerful multilingual LLMs. In
addition, although zero-shot LLMs do not yet
match the performance of fine-tuned encoder-
based models, their relative strength in the TD
task suggests that some subjective tasks may
be more amenable to zero-shot inference than
others. We also report the results per label for
each dataset, task, and model in Tables 5 to 7 at
the Appendices B.5 to B.7.

6 Conclusion

Research on subjective tasks in Farsi has grown
over the past five years, with a notable increase in
SA and TD research starting in early 2020. Most
work has focused on two main data sources: social
media data, such as tweets, and e-commerce data
from Digikala, highlighting the scarcity of Farsi-
language data sources. We reviewed over 110
papers, including 12 from the ACL Anthology and
98 from other publishers. We identified several
gaps in these studies, including a lack of diverse
datasets, annotation information, and demographic
features in subjective tasks, particularly for EA.
These gaps include demographic disparities such
as age and gender and a lack of interdisciplinary
research. Our experiments indicate that LLMs
perform relatively poorly on EA tasks in Farsi but
perform better on SA and TD. Additionally, fine-
tuning consistently improves performance across
all tasks.
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7 Limitations and Ethical Considerations
We acknowledge several limitations in our study.
First, our evaluation relies heavily on existing
publicly available datasets, which may not
comprehensively capture the linguistic, cultural,
or topical diversity of the Farsi language. These
datasets may contain annotation biases, domain-
specific skew, or inconsistencies that could
affect model performance and generalizability.
Moreover, we use machine translation for English
versions of Farsi texts, which may introduce
semantic drift or cultural misrepresentation and
affect fairness and accuracy. Another limitation is
the limited number of models that support Farsi.
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A Survey Analysis
B Prompt Templates
B.1 Prompt Templates for EA

• Template (I): Given a text, identify the main
emotion expressed. You have to pick one
of the following seven emotions: sadness,
hate, anger, happiness, fear, surprise, or
other. Only answer with emotion and omit
explanations. Emotion:

• Template (II): You will be presented with
a given comment sourced from X, Instagram,
or Digikala. Pick one emotion from sadness,
hate, anger, happiness, fear, surprise, or other
that describes the emotion of the tweet or
comment the best. Your response should only
contain one of the emotions. No other output
is allowed.

B.2 Prompt Templates for SA

• Template (I): Given a text, identify the
sentiment expressed. You have to pick one
of the following three sentiments: positive,
negative, neutral. Only answer with the
sentiment and omit explanations. Sentiment:

• Template (II) You will be presented with a
comment from Digikala. Pick one sentiment
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from positive, negative, or neutral that
describes the sentiment of the comment the
best. Your response should only contain one
of sentiment. No other output is allowed.

B.3 Model hyperparameters

B.4 Models

Llama3 (Grattafiori et al., 2024) is an open-access
collection of pre-trained and fine-tuned LLMs
ranging in scale from 8 billion to 70 billion
parameters and launched in September 2024. We
examine Llama3-8B model. We use Qwen2-7B-
Instruct model that published in November 2024
(Yang et al., 2024). Mistral-7b is also an open-
source LM launched in September 2023 (Jiang
et al., 2024). Among the models released by
Mistral, we test Mixtral-8x7B-Instruct-v0.1, and
we access these models via HuggingFace (Wolf
et al., 2019).
All responses were collected during July 2024

to March 2025. We run all our experiments on a
server with three NVIDIA RTX A6000 and 48GB
of RAM.
XLM-RoBERTa The hyperparameters for the

XLM-RoBERTa is three epochs, batch size of 16,
learning_rate of 2e-5, optimizer of Adam and the
maximum length of 128.

B.5 Emotion Analysis

Table 5 shows the performance of the LLMs across
different emotions for each dataset.

B.6 Sentiment Analysis

Table 6 shows the performance of the LLMs across
different sentiments for each dataset. Mixtral-7B
and Llama3-8B can not capture “very negative”
and “very positive” labels.

B.7 Toxicity Detection

Table 7 shows the performance of the LLMs across
each dataset for detecting offensive/hate speech
languagee.
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Dataset Emotion Mixtral-7B Llama3-8B Qwen2-7B Avg.

Letherlearn

Anger 0.241 0.493 0.358 0.364
Disgust 0.189 0.056 0.183 0.143
Fear 0.488 0.461 0.458 0.469

Happiness 0.423 0.545 0.560 0.509
Sadness 0.447 0.503 0.511 0.487
Surprise 0.420 0.264 0.268 0.317
Other 0.228 0.080 0.345 0.218

Arman

Anger 0.021 0.455 0.456 0.311
Fear 0.761 0.760 0.733 0.751
Hate 0.109 0.241 0.441 0.264

Happiness 0.075 0.521 0.584 0.393
Sadness 0.414 0.489 0.480 0.461
Surprise 0.465 0.440 0.483 0.463
Other 0.231 0.075 0.393 0.233

EmoPars

Anger 0.262 0.307 0.220 0.263
Fear 0.141 0.162 0.177 0.160
Hate 0.014 0.046 0.154 0.071

Happiness 0.247 0.294 0.300 0.280
Sadness 0.288 0.240 0.256 0.261
Surprise 0.173 0.066 0.202 0.147

Table 5: F1 Scores for Emotion Analysis Across Datasets and Models with Average.

Dataset Sentiment Mixtral-7B Llama3-8B Qwen2-7B Avg.

MirasOpinion
Negative 0.619 0.631 0.656 0.635
Neutral 0.138 0.498 0.592 0.409
Positive 0.736 0.812 0.800 0.783

Pars-ABSA
Negative 0.619 0.627 0.616 0.621
Neutral 0.138 0.332 0.336 0.269
Positive 0.736 0.741 0.734 0.737

Sentipers

Very Negative 0.000 0.000 0.058 0.019
Negative 0.560 0.563 0.570 0.564
Neutral 0.675 0.593 0.664 0.644
Positive 0.520 0.576 0.586 0.561

Very Positive 0.000 0.620 0.341 0.320

Table 6: F1 Scores for Sentiment Analysis Across Datasets and Models with Average.

Dataset Labels Mixtral-7B Llama3-8B Qwen2-7B Avg.

Pars_OFF not-offensive 0.841 0.736 0.993 0.857
offensive 0.640 0.656 0.857 0.718

Phate not-hate 0.692 0.553 0.720 0.655
hate 0.673 0.778 0.409 0.620

PHICAD not-hate 0.911 0.887 0.990 0.929
hate 0.667 0.653 0.894 0.738

Table 7: Toxicity Detection F1 Scores Across Datasets and Models.
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Abstract
This study examines the capability of LLMs
to predict emotional ratings of Russian words
by comparing their assessments with both na-
tive speakers’ ratings and expert evaluations.
The research utilises two datasets: the EN-
RuN database containing associative emotional
ratings of Russian nouns by native speakers,
and RusEmoLex, an expert-compiled lexicon.
Various open-source LLMs were evaluated, in-
cluding international models (Llama-3, Qwen
2.5), Russian-developed models, and Russian-
adapted variants, representing three parameter
scales. The findings reveal distinct patterns in
model performance: Russian-adapted models
demonstrated superior alignment with native
speakers’ ratings, whilst model size was not
a decisive factor. Conversely, larger models
showed better performance in matching expert
assessments, with language adaptation having
minimal impact. Emotional or sensitive lexis
with strong connotations produce a more sub-
stantial human-model gap.

1 Introduction

Recent advances in Large Language Models
(LLMs) have demonstrated remarkable capabilities
in various natural language processing (NLP) tasks,
including emotion analysis. Previous research on
emotions expressed in text has primarily focused
on emotion detection and categorization (Acheam-
pong et al., 2020; Kazyulina et al., 2021; Bostan
and Klinger, 2024; Cavicchio, 2025). However, the
widespread adoption of chatbots and advancement
of LLMs have necessitated not only the recognition
and classification of emotions but also the authentic
simulation of emotional responses during human-
computer interactions. Consequently, the study of
LLMs’ emotional intelligence has become increas-
ingly relevant (see, for example, Raj, 2024; Chen
et al., 2024; Huang et al., 2024; Dalal et al., 2025).

It is important to note that in emotion analy-
sis, as in many other areas of NLP, research con-

ducted on English language material continues to
dominate the field (for a detailed discussion, see
De Bruyne, 2023). Cross-cultural variations in
emotional expression raise concerns about LLMs’
ability to adapt to different linguistic contexts and
cultural value systems.

One approach to studying LLMs’ emotional be-
haviour and comparing it with human responses is
to examine emotional ratings of individual lexical
items. Emotional word ratings can be categorised
into two distinct methodologies: associative and
expert-based evaluations. Associative emotional
assessment refers to survey results, in which respon-
dents evaluate the degree to which lexical units are
associated with specific emotions. These experi-
ments can employ any words as stimuli, regardless
of their direct connection to emotional domains
(see, for example, Mohammad and Turney, 2013;
Domingues Aparecido et al., 2025). Expert-based
emotional assessment, conversely, relies on spe-
cialized linguistic resources such as dictionaries or
thesauri dedicated to specific semantic categories –
in this case, emotional lexis. These resources, de-
veloped specifically to compile emotional lexicons,
exclusively contain words that experts have iden-
tified as expressing or indicating emotions (for a
detailed discussion, see Mohammad, 2023).

This study aims to compare human emotional
ratings of Russian words with those generated by
LLMs. The research examines both native speak-
ers’ associative emotional assessments and expert
evaluations. For associative ratings, we utilize the
ENRuN (Emotional Norms for Russian Nouns)
database (Sysoeva and Lyusin, 2024), comprising
ratings for 1,800 Russian nouns. Expert evalua-
tions are derived from the Russian Emotion Lexi-
con (RusEmoLex) (Iaroshenko and Loukachevitch,
2025b), which provides emotional categorization
for 1,024 words. RusEmoLex’s lexical inclusion
criteria primarily rely on specialized linguistic re-
sources (dictionaries, thesauri, and corpus data).
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The study employs open-source models of vary-
ing scales (three categories: 7-8B, 32B, and 70B pa-
rameters) and diverse origins: international models
(Llama-3, Qwen 2.5), Russian-developed models,
and Russian-adapted variants.

We aim to answer the following research ques-
tions (RQs): RQ1: How accurately do open-source
LLMs predict emotional word ratings in Russian
when compared to native speakers’ and expert as-
sessments? RQ2: To what extent does model size
affect the quality of emotional assessment? RQ3:
Do Russian-adapted models demonstrate superior
performance in emotional rating predictions com-
pared to their non-adapted counterparts?

2 Related Work

During the last few years, research on LLM empa-
thy and emotional intelligence has expanded, em-
ploying advanced benchmarks to evaluate models’
emotional responses across varied scenarios.

EmotionBench (Huang et al., 2024) introduces a
theoretically grounded methodology derived from
psychological emotion appraisal theory (Roseman
and Smith, 2001). The researchers identified dis-
tinct situational factors that elicit specific emotional
responses. The comparative analysis between LLM
responses and human assessments revealed that
while LLMs can provide appropriate responses,
they demonstrate significant limitations in aligning
with human emotional behaviour.

The authors of (Sabour et al., 2024) introduced
EmoBench, a comprehensive evaluation framework
in English and Chinese. The benchmark is struc-
tured around two primary assessment areas: Emo-
tional Understanding and Application. In the Un-
derstanding component, LLMs must identify emo-
tions and their underlying causes, with particular
emphasis on complex, ambiguous situations. The
Application component evaluates models’ ability
to select appropriate responses to given scenarios.
The findings revealed that human participants out-
performed LLMs across both tasks, albeit by a
modest margin.

A notable contribution to understanding LLMs’
emotional capabilities comes from research em-
ploying standardized psychological assessment
tools. The study by (Vzorin et al., 2024) assessed
LLM emotional intelligence through the Russian
version of the Mayer-Salovey-Caruso Emotional
Intelligence Test (MSCEIT). (Dalal et al., 2025)
employed established psychological instruments:

the Trait Emotional Intelligence Questionnaire
(TEIQue) (Petrides, 2009) and the Situational Eval-
uation of Complex Emotional Understanding (SE-
CEU) (MacCann and Roberts, 2008).

While recent research has made substantial
progress in evaluating LLMs’ emotional intelli-
gence capabilities, most studies have focused on
the English language. The need to investigate emo-
tional intelligence across different linguistic and
cultural contexts remains a crucial research direc-
tion.

3 Methodology

The primary objective of this study is to evaluate
LLMs’ ability to assess Russian words for their
emotional associations and to compare these as-
sessments with human ratings. With this aim, we
use the ENRuN database, based on native speaker
scores, and the Russian Emotion Lexicon, con-
structed by professional linguists.

Data. The ENRuN database (Sysoeva and
Lyusin, 2024)1 provides emotional ratings for
1,800 Russian nouns, evaluated through both di-
mensional (valence and arousal) and categorical
(happiness, sadness, anger, fear, and disgust) ap-
proaches. For the present analysis, we utilize av-
eraged categorical ratings, where respondents as-
sessed word-emotion associations on a five-point
scale.

RusEmoLex (Iaroshenko and Loukachevitch,
2025b) comprises 1,024 Russian lexical items
representing various parts of speech. Each en-
try is annotated with one of five emotional cate-
gories: happiness, sadness, anger, fear, and surprise.
RusEmoLex was developed by integrating various
Russian emotional vocabulary resources, with ex-
pert linguistic sources serving as the primary foun-
dation: dictionaries and thesauri (Shvedova, 1998;
Babenko, 2022), and data from the semantically
annotated section of the Russian National Corpus
(Savchuk et al., 2024).

To enable comparison between RusEmoLex and
ENRuN datasets, RusEmoLex entries were con-
verted to numerical ratings: words labeled with a
specific emotion (e.g., happiness) were assigned
a maximum score (5) for that emotion and zero
scores for all other emotional categories.

1The current version of the ENRuN database can be pro-
vided to researchers upon request. At the time of this study,
the database included responses from 692 participants, with
data collection continuing as an ongoing process.
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Models. We employ open-source LLMs ranging
from 7B to 70B parameters, representing three cat-
egories by origin: international models (Qwen 2.5-
32B and 7B, Llama-3), Russian-developed mod-
els (YandexGPT 5 Lite), and models adapted for
Russian through enhanced training and tokeniza-
tion (T-lite-it-1.0, T-pro-it-1.0, RuadaptQwen2.5-
7B, RuadaptQwen2.5-32B-Pro-Beta). A complete
list of models, along with their references are pro-
vided in Appendix A.

Hyperparameters. The experiments employ the
following hyperparameters: temperature was set
to 0.2 to ensure relatively consistent outputs while
maintaining some degree of creativity; a repetition
penalty of 1.2 was implemented to discourage uni-
form ratings across different words. For a detailed
discussion of hyperparameter effects on LLM re-
sponses in similar rating tasks, see (Iaroshenko and
Loukachevitch, 2025a).

Prompts. For the experiments, two types of
prompts were employed. The SPEAKER prompt,
based on the instructions given to participants in the
ENRuN database evaluation experiment (Lyusin
and Sysoeva, 2025), was used to assess emotional
words from a native speaker’s perspective. The
EXPERT prompt was designed to evaluate words
from an expert’s viewpoint. Several versions of
this prompt were tested, including one with an
additional “Background Information” section that
provided a theoretical definition of emotional vo-
cabulary and examples of words belonging to this
semantic class. While this approach was hypoth-
esised to enhance expert-based evaluation, main-
taining the SPEAKER prompt structure proved to
be the most effective. The prompts used in the ex-
periment follow a similar structure, including role
designation (either a native speaker participant or a
linguistics researcher specialising in semantics) and
task description. Both prompts maintain identical
task descriptions but vary in their role specifica-
tions. The original ENRuN instruction, SPEAKER
and EXPERT prompts used in the experiments are
presented in Appendices B and C.

4 Experiment

To compare LLM evaluations with human ratings
across both datasets, LLM assessments were aver-
aged over three iterations. This reduced the impact
of LLM response variability, enhancing result re-
liability and objectivity. For the ENRuN database
comparisons, the standard deviation was employed

Size Model Name Std Dev
70B Llama-3 1.16
32B RuadaptQwen-32B 0.93
32B T-pro 1.08
32B Qwen-32B 1.15
8B YaGPT5-Lite 1.05
7B RuadaptQwen-7B 1.18
7B T-lite 1.22
7B Qwen-7B 1.23

Table 1: ENRuN evaluation results

as the evaluation metric. RusEmoLex analysis
utilised both standard deviation and F-measure, as
its original data format involves categorical emo-
tional classification of words.

ENRuN. Table 1 presents a comparison between
averaged LLM ratings and Russian native speaker
assessments from the ENRuN database. To inter-
pret these results, we first examine inter-human
variability: when different people rate the same
emotional associations in ENRuN, their assess-
ments vary with an average standard deviation of
1.16 across all words and emotions. The values re-
ported in Table 1 measure how much each model’s
ratings deviate from the averaged human assess-
ments. Russian-adapted models demonstrated the
closest alignment with human evaluations, deviat-
ing from human consensus less than humans de-
viate from each other: RuadaptQwen2.5-32B-Pro-
Beta achieved the lowest standard deviation (0.93),
followed by YandexGPT 5 Lite (1.05), which, de-
spite its small size, outperformed the larger Llama-
3 model (1.16). Notably, smaller adapted models
(RuadaptQwen2.5-7B: 1.18, T-lite: 1.22) outper-
formed their original versions (Qwen2.5-7B: 1.23).
These results suggest that modern LLMs align with
native speaker assessments of emotional associa-
tions at a level comparable to human performance.

RusEmoLex. Table 2 presents the comparison
results between averaged LLM ratings and expert
assessments based on RusEmoLex. Two prompts
were employed for this dataset: EXPERT, which
assigned the LLM the role of a professional lin-
guist, and SPEAKER, which was used for ENRuN.
Notably, the role differentiation in prompts did not
significantly affect the final results.

For the RusEmoLex, medium-scale models
(Qwen 2.5-32B and T-pro) achieved the best perfor-
mance by standard deviation metrics, while small-
scale models (7-8B) consistently showed higher
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Size Model EXPERT SPEAKER EXPERT SPEAKER
Std Dev Std Dev F1 F1

70B Llama-3 1.51 1.50 0.79 0.77
32B Qwen 2.5-32B 1.45 1.48 0.77 0.76
32B T-pro 1.46 1.45 0.77 0.78
32B RuadaptQwen2.5-32B 1.51 1.55 0.77 0.75
8B YandexGPT 5 Lite 1.48 1.52 0.75 0.70
7B T-lite 1.61 1.68 0.64 0.59
7B RuadaptQwen2.5-7B 1.63 1.60 0.63 0.62
7B Qwen 2.5-7B 1.66 1.48 0.53 0.68

Table 2: RusEmoLex evaluation results

deviation values. This pattern is further supported
by F-measure analysis, where medium-scale (32B)
and larger models (Llama-3 70B) demonstrated
similar performance (0.75-0.79), outperforming
smaller models. Notably, Russian-adapted mod-
els showed no distinct advantage in this evaluation.

5 Discussion

The results demonstrate that modern LLMs can
achieve reasonable alignment with human assess-
ments, though with varying degrees of success.

On the ENRuN dataset, RuadaptQwen2.5-32B-
Pro-Beta, adapted for Russian, demonstrated the
highest performance. Model size, however, was
not a decisive factor: YandexGPT 5 Lite (8B)
ranked second, outperforming larger models in-
cluding Llama-3. Generally, the Russian-adapted
versions showed closer alignment with human rat-
ings compared to their original counterparts.

For the RusEmoLex dataset, large (Llama-3)
and medium-sized models (Qwen 2.5-32B, T-pro)
proved to be more effective, whilst Russian adapta-
tion showed no significant impact on performance.

Thus, adapted model versions demonstrated
closer alignment with native speakers’ emotional
ratings rather than expert assessments. This sug-
gests that tokenizer modifications and additional
training on Russian-language data led to better
adaptation to native speakers’ perceptions. Con-
versely, model size emerged as the crucial factor
in alignment with expert evaluations. The compi-
lation of an emotional vocabulary requires profes-
sional linguistic expertise, which may explain why
model size proved more significant than Russian
language adaptation.

Furthermore, this disparity in results may be
attributed to differences in the evaluated lexical
content. The ENRuN database comprises words se-

lected based on formal, semantically-neutral crite-
ria, and consequently contains considerable lexical
diversity. Conversely, RusEmoLex was developed
by intersecting emotional word lists from various
resources, primarily emphasising dictionary and
corpus data; its lexical composition therefore pre-
dominantly comprises emotion words.

For a more in-depth analysis of how the EN-
RuN database’s lexical composition influences the
divergence between LLM and human responses,
diagnostic lexical groups were formed from the
database, and the standard deviations between
LLM and human ratings were examined for each
group. The first group, comprising neutral words,
included all words with ratings of 1.5 or below
across all emotions (555 words; e.g. parking, shoe,
website). The second group consisted of words
from RusEmoLex (57 words; e.g. joy, worry, jeal-
ousy). The third group, comprising emotion-related
words, included words with ratings of 3.5 or above
for at least one emotion, representing lexical items
eliciting the strongest emotional responses. This
group encompassed both direct emotion terms (de-
spair, despondency, melancholy) and sensitive lexis
with marked connotations (positive: baby, safety,
friendliness; negative: corruption, orphan, alco-
holism).

See Figure 1 for the average standard deviations
between human and LLM ratings across these three
lexical groups. Lower standard deviation values
indicate greater agreement between human and
model ratings. Comparison of human and model
ratings revealed a consistent trend: neutral words
exhibited the lowest standard deviation across all
models (mean STD = 0.85), whilst the RusEmoLex
group showed the highest deviation (mean STD =
1.30), followed by emotion-related words (mean
STD = 1.24). Thus, emotional or sensitive lexis
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Figure 1: Average standard deviations between human and LLM ratings by lexical group in the ENRuN database

with strong connotations produce a more substan-
tial human-model gap, whereas agreement is higher
for neutral lexis.

6 Conclusion

In the study, we compared emotional ratings of Rus-
sian words between open-source LLMs and human
assessments. Two datasets were employed for com-
parison: the ENRuN database, containing native
speakers’ Russian noun ratings, and RusEmoLex,
a lexicon developed from expert linguistic sources.

Addressing RQ-1, the models demonstrated a
relatively high correlation with human word assess-
ments (best results: standard deviation of 0.93 for
the ENRuN dataset, standard deviation of 1.45 and
F-measure of 0.79 for RusEmoLex).

Regarding RQ-2 and RQ-3, we observed dis-
tinct patterns in model behaviour. Native speakers’
ratings were better predicted by Russian-adapted
LLMs, with model size not being a determining
factor. Expert assessments were more accurately
predicted by larger-scale models, whilst adaptation
showed no significant impact on performance.

Limitations

Dataset Scope. Two datasets were utilised as
source material. Firstly, the datasets are limited
in size (ENRuN comprises 1,800 evaluated words

and RusEmoLex — 1,024). Secondly, both datasets
include annotations of individual lexical units;
therefore, the research findings may not be rele-
vant for evaluating LLMs’ performance in context-
dependent emotional assessment. Thirdly, the com-
parison of results between the two datasets may not
be fully valid due to differences in their emotional
rating frameworks.

Model Scope. The study was limited to specific
versions of open-source models, not all possible
combinations of model sizes were tested. Among
larger-scale models, only Llama-3 was represented.
The evaluation of larger models required significant
computational resources, which might limit the
practical applicability of the findings.

The performance of LLMs might change with
future updates and new model releases. The study
represents a snapshot of current model capabilities
rather than a longitudinal assessment. These lim-
itations suggest directions for future research in
emotional assessment using LLMs for processing
the Russian language.
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Large Language Models were utilised for
manuscript improvement, proofreading, and verifi-
cation of academic English grammatical and stylis-
tic standards.
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A Models

This appendix provides a complete list of models,
arranged by model size with their corresponding
links.

• Llama-3 (70B): https://
huggingface.co/meta-llama/
Meta-Llama-3-70B-Instruct

• RuadaptQwen2.5-32B-Pro-Beta (32B):
https://huggingface.co/RefalMachine/
RuadaptQwen2.5-32B-Pro-Beta

• T-pro-it-1.0 (32B): https://huggingface.
co/t-tech/T-pro-it-1.0

• Qwen 2.5-32B (32B): https:
//huggingface.co/Qwen/Qwen2.
5-32B-Instruct

• YandexGPT 5 Lite (8B): https:
//huggingface.co/yandex/
YandexGPT-5-Lite-8B-instruct

• RuadaptQwen2.5-7B (7B): https:
//huggingface.co/RefalMachine/
RuadaptQwen2.5-7B-Lite-Beta

• T-lite-it-1.0 (7B): https://
huggingface.co/AnatoliiPotapov/
T-lite-instruct-0.1

• Qwen 2.5-7B (7B): https://huggingface.
co/Qwen/Qwen2.5-7B-Instruct
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B Original ENRuN instruction

This appendix describes the initial instructions
given to human respondents for creating the EN-
RuN database.

Figure 2: The ENRuN instruction
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C Prompts Used in the Study

This appendix describes the prompts used in the
current study: the SPEAKER prompt based on
the ENRuN instruction for human respondents and
the two variants of the EXPERT simulating profes-
sional linguist analysis, and also their translations
into English.

Figure 3: The SPEAKER prompt
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Figure 4: The EXPERT prompt
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Figure 5: The Rejected version of the EXPERT prompt

106



The Proceedings for the 15th Workshop on Computational Approaches to Subjectivity, Sentiment & Social Media Analysis (WASSA 2026), pages 107–122
March 29, 2026 ©2026 Association for Computational Linguistics

Emotion-aware text simplification of user generated content using LLMs

Anastasiia Bezobrazova
Centre for Translation Studies

University of Surrey, UK
a.bezobrazova@surrey.ac.uk

Daria Sokova
Centre for Translation Studies

University of Surrey, UK
d.sokova@surrey.ac.uk

Constantin Orăsan
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Abstract
Digital inclusion increasingly supports adults
with intellectual disabilities (ID) to participate
online, yet social media posts can be difficult
to understand, particularly when they contain
strong emotions, slang, or non-standard writing.
This paper investigates whether large language
models (LLMs) can simplify social media texts
to improve cognitive accessibility and preserve
emotional meaning. Using an accessibility-
oriented prompt based on existing guidance,
posts are simplified and emotion preservation
is assessed. The results suggest that many sim-
plified posts retain the same emotions, though
changes occur, especially when emotions are
weakly expressed or ambiguous. Qualitative
analysis shows that simplification improves flu-
ency and structure but can also shift perceived
emotion through changes to tone, formatting,
and other affective cues common in social me-
dia text. The research has also revealed that
different LLMs produce very different outputs.

1 Introduction

Digital technologies have become a central part of
everyday life, reshaping how people communicate,
search for information and use services. Organisa-
tions across the UK have introduced programmes
to help people with intellectual disabilities (ID) get
online and participate in digital life, so they are
not excluded from the digital society (Triantafyl-
lopoulou et al., 2025). According to recent esti-
mates from Office for Health Improvement & Dis-
parities (OHID) (2025), approximately 1.3 million
people in England are having an ID, underlining
both the scale and the policy importance of digital
inclusion for this population.

ID involve significant difficulties with learning,
understanding information and managing everyday
tasks independently (American Psychiatric Asso-
ciation, 2013). Nevertheless, many adults with ID
use the internet to maintain social connections, ac-
cess information and seek entertainment (Glencross

et al., 2021; Chadwick et al., 2022). An England-
wide survey of adults with ID shows that 72.2%
used the internet daily and 79.1% used social media
(48% daily) (Triantafyllopoulou et al., 2025). Also,
people with ID commonly experience reading diffi-
culties, and emotionally charged social media posts
can be especially hard to understand.

Syntheses of the field since 2020 emphasise both
benefits of online participation such as belonging,
identity work, autonomy and wellbeing and per-
sistent structural and cognitive barriers that shape
its quality (Anderson et al., 2023; Chadwick et al.,
2022). A recent systematic review identifies four
recurrent motivations for social internet use among
adults with ID: fitting in/belonging, maintaining
connections, making new connections, and auton-
omy and empowerment (including self-expression
and self-determination) (van Alem et al., 2025).
The same review underscores literacy-related and
support-dependent barriers and a persistent tension
between autonomy and safeguarding, signalling the
need for tailored supports (van Alem et al., 2025;
Caton et al., 2022; Triantafyllopoulou et al., 2025).

This paper investigates whether large language
models (LLMs) can simplify social media posts in
ways that improve cognitive accessibility for adults
with ID while preserving the original emotional
content. Our paper focuses on the emotion preser-
vation as a key indicator of simplification quality.
To evaluate this systematically, an automatic emo-
tion classifier is trained on social media texts and
used to compare the emotions assigned to the origi-
nal and simplified versions. A linguistic analysis
of the simplified posts is also carried out to gain
insights into how LLMs simplify the posts.

The structure of the paper is as follows. Sec-
tion 2 reviews background on Easy-to-Understand
(E2U) practices, social media accessibility guide-
lines, and emotional processing in people with
learning disabilities. Section 3 introduces the
GoEmotions-based dataset and our emotion classi-
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fier. Section 4 presents the prompt design, simpli-
fication experiments and cross-model comparison,
including analyses of emotion preservation. The
paper finishes with a discussion and conclusions.

2 Background information

2.1 Text Accessibility Guidelines

Recently, E2U practices have emerged to make
texts easier to read, with Plain Language (PL) and
Easy Language (EL) as the main approaches (De-
leanu et al., 2024). PL bridges professional–public
communication in health, law, administration and
personal finance, helping adults with limited liter-
acy navigate information and make decisions (Eu-
ropean Commission, 2012; NHS England, 2017;
United States Congress, 2010). EL, first designed
for people with learning disabilities is now ap-
plied more broadly and is routinely paired with
layout conventions such as legible sans-serif fonts,
left alignment and generous spacing (Misako No-
mura and Tronbacke, 2010; Scope Australia, 2015;
Perego, 2020; Hansen-Schirra and Maaß, 2020).

Although labels vary, the underlying guidance
is similar: keep vocabulary familiar and define
unavoidable terms; avoid metaphors and idioms;
and maintain strict consistency in terminology
(Scope Australia, 2015). Syntactic recommenda-
tions call for short, single-idea sentences (around
15–20 words), clear Subject–Verb–Object order-
ing, minimal punctuation and the use of numerals
rather than number words, while favouring split-
ting complex sentences and using verbs instead of
abstract nouns (Inclusion Europe, 2010; Hertford-
shire County Council, 2018).

This core set of rules aligns with recent academic
work that situates E2U within a wider accessibil-
ity agenda, distinguishes PL, EL and related types,
and examines trade-offs between ease of under-
standing and social acceptability (Hansen-Schirra
and Maaß, 2020; Perego, 2020). Policy has rein-
forced this shift: in the UK, guidance from the
Office for Disability Issues1 helped embed inclu-
sive communication and shaped NHS publishing
policy (NHS England, 2017). At EU level, the Web
Accessibility Directive (2016/2102) and the Euro-
pean Accessibility Act (2019/882) set accessibility
duties for public-sector content and key products
and services, placing E2U within a broader regula-
tory framework (European Union, 2016, 2019).

1https://www.gov.uk/government/organisations/office-for-
disability-issues

Despite extensive guidance, challenges in text ac-
cessibility remain. Across standards there is agree-
ment on core practices but less on thresholds such
as sentence length, treatment of complex numerals,
use of grammar, and procedures for terminology
control (when to introduce terms, how often to re-
peat them, and how to maintain consistency) (Men-
cap, 2000; Change, 2016). Overall, the guidelines
converge on short sentences, clear structure, famil-
iar vocabulary and consistent layout as key features
that make public texts easier to understand.

2.2 Guidelines for Accessibility for Social
Media

Most major organisations now provide guidance on
making social media posts accessible. The main
focus across these accessibility guidelines is on
images, video and visual design, while written text
still receives comparatively little detailed attention.

A common core of recommendations concerns
alternative formats for non-text content. The need
to add descriptive alt text to images and to pro-
vide captions or transcripts for audio and video is
emphasised in many guidelines (University of Ed-
inburgh, 2022; UK Association for Accessible For-
mats (UKAAF), 2020; Sprout Social, 2024). They
also stress accessible typography and layout, such
as using legible fonts, ensuring sufficient colour
contrast and avoiding text embedded in images.

Text-level guidance is more fragmented. Most
documents call for “plain language” or “clear En-
glish”, with generic advice to keep posts concise,
avoid jargon and unexplained acronyms, favour ac-
tive voice and avoid ALL CAPS (Harvard Univer-
sity, 2023; University of Edinburgh, 2022; Univer-
sity of Reading, 2023). They rarely explain how to
adapt emotionally charged or noisy user-generated
text for readers with ID. Mencap and the Govern-
ment Communication Service offer more detail,
recommending posts of around 25 words, avoid-
ing non-standard symbols, not squeezing too much
text into one graphic and testing content with as-
sistive technologies (Government Communication
Service, 2021; Mencap, 2022). All sources stress
careful use of hashtags and emojis, suggest Camel-
Case hashtags (#LearningDisabilityWeek rather
than #learningdisabilityweek) (Mencap, 2022), lim-
iting hashtags, using emojis sparingly at the end of
posts and never as word substitutes as this confuses
screen readers (Sprout Social, 2024).

Overall, existing guidelines for social media ac-
cessibility provide a baseline on visual aspects and
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offer only high-level instructions for accessible
writing. They converge on specific conventions
for hashtags and emojis, but the level of detail and
linguistic precision is nowhere near that found in
established PL and EL guidance. As a result, there
is still limited practical advice on how to rewrite
short, informal and emotionally laden posts for
people with learning disabilities.

2.3 People with Learning Disabilities and
Emotional Content on Social Media

People with ID often find it hard to identify their
emotions (Davies, 2013), and research on alex-
ithymia (difficulty identifying and describing feel-
ings) shows that they have limited emotional in-
sight (Mellor and Dagnan, 2005). Emotion recog-
nition is linked to IQ and receptive language, so
people with lower intellectual ability perform less
well on emotion-recognition tasks (Scotland et al.,
2015), making understanding emotional content in
faces, voices, pictures or text challenging.

Most empirical investigations have focused on
how people with learning disabilities recognise
emotions from photographic facial stimuli rather
than textual content. Across multiple studies, par-
ticipants frequently identify basic expressions such
as happiness with reasonable accuracy, yet demon-
strate significantly lower performance than typical
users when tasks incorporate a broader range of
emotions or more nuanced expressions (Scotland
et al., 2015). Owen and Maratos (2016) reported
that adults with ID exhibited lower accuracy than
typical users in labelling both basic and subtle emo-
tional expressions, with the greatest challenges ob-
served for neutral and low-intensity emotions.

In contrast, less research examines how people
with ID understand emotional meaning in written
communication, including social media content.
Research shows that social media can support be-
longing, social connection and autonomy, but says
little about how users decode emotional nuance in
text. This gap matters because emotions and atti-
tudes on social media are often expressed through
figurative language, sarcasm, irony, memes, emojis
and other non-literal cues that people with ID find
difficult to interpret.

3 Data

In this work we use the GoEmotions dataset (Dem-
szky et al., 2020), a manually annotated corpus
of 58k English Reddit comments labelled for 27

Emotion Precision Recall F1-score

anger 0.54 0.71 0.61
disgust 0.61 0.67 0.64
fear 0.44 0.95 0.61
joy 0.88 0.81 0.84
neutral 0.75 0.54 0.63
sadness 0.55 0.80 0.65
surprise 0.54 0.79 0.64

macro avg 0.62 0.75 0.66
weighted avg 0.74 0.71 0.71

Table 1: Ekman-level results of XLM-RoBERTa classi-
fier

fine-grained emotion categories plus a Neutral la-
bel. The dataset is also available in a reduced
taxonomy based on Ekmans six basic emotions
(anger, disgust, fear, joy, sadness, surprise) plus
neutral (Ekman, 1992). This is the version used
in this research. The comments are sampled from
popular subreddits and carefully curated to reduce
toxicity, demographic bias and sentiment skew
through subreddit filtering, length constraints, sen-
timent and emotion balancing, and masking of sen-
sitive identity and religion terms (Demszky et al.,
2020). Compared to other emotion datasets based
on news headlines, posts and other domains (Strap-
parava and Mihalcea, 2007; Mohammad et al.,
2018; Bostan and Klinger, 2018), GoEmotions
is, to the authors knowledge, the largest human-
annotated emotion dataset with multiple labels per
instance and demonstrates robust inter-rater agree-
ment (Demszky et al., 2020).

For the purposes of this paper, we randomly split
the Ekman-level subset into two disjoint parts: 90%
of the data is used to train the emotion classifier
described in Section 3.1, and the remaining 10% is
reserved for the simplification experiments, where
we apply the classifier to predict emotions for the
original and simplified posts (see Section 4.2).

3.1 Emotions-Classifier

We fine-tuned an XLM-RoBERTa-based classifier
on the GoEmotions dataset (Demszky et al., 2020),
following the Kaggle implementation for Ekman-
level labels 2. On the test split, the model achieves
an accuracy of 0.71 and a macro-averaged F1 of
0.66, with macro-precision 0.62 and macro-recall
0.75 (see Table 1). Our scores are slightly higher
than the results reported by Demszky et al. (2020)
for the same Ekman taxonomy as seen in Table

2https://www.kaggle.com/code/anassouzaouit/fi
ne-tuning-xlm-roberta-on-go-emotions-dataset
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A.3 (in the appendix). This difference is likely due
to the more recent model used. The most marked
trade-off appears for fear, where we obtain very
high recall (0.95 vs. 0.76) at the cost of much lower
precision (0.44 vs. 0.61), indicating that fear is
frequently over-predicted. The confusion-matrix
heatmap (see Figure A.2) shows that neutral in-
stances are often misclassified as anger, joy or sur-
prise, and it also highlights the strong class imbal-
ance (e.g., 1,712 instances of joy vs. only 57 of
disgust), which likely drives some of the remaining
confusion patterns across classes. This classifier is
used in the next section to determine the emotion
in the simplified version of a post.

4 Experiment and results

4.1 Prompt design for accessible posts
simplification

For the post simplification stage, we designed a
task-specific prompt to guide language models in
producing accessible rewrites. The model receives
the following instruction:

Simplify the posts so that people with learning

disabilities can easily understand it. Keep the

same meaning and facts. Preserve the same emo-

tion. Do not soften or exaggerate the emotion.

Make the feelings clear and simple. Do not add

new facts or advice. Do not judge the person.

Use common words and active voice. Keep emo-

jis only if they add meaning, and also name the

feeling in words. Use CamelCase for hashtags.

For example, instead of #learningdisabilityweek,

write #LearningDisabilityWeek.

This prompt was written using existing guide-
lines on accessible social media from Mencap
(2021); Button (2021); Rowell (2021); Sprout So-
cial (2024), which all emphasise clear language,
consistent formatting and consideration of cogni-
tive access needs. The first part of the prompt spec-
ifies the target audience and communicative goal,
encouraging the model to prioritise understanding
for people with learning disabilities rather than
generic style improvement. The next group of in-
structions constrains how content and emotion may
be changed. It requires the model to keep the same
meaning and facts, preserve the emotion, and avoid
adding advice or moral judgement. This reflects
ethical recommendations that accessible versions
should respect the writers voice while making the
emotional content easier to follow.

The remaining parts of the prompt convert gen-
eral plain-language and formatting guidance into
specific, actionable rules for the model. Accessi-
bility guidance for social media recommends short
sentences, everyday vocabulary and active voice
to reduce reading effort and support screen-reader
users (Button, 2021; Rowell, 2021; Sprout Social,
2024). Many guidelines recommend CamelCase
hashtags and advise using emojis sparingly and
never as substitutes for words (see Section 2.2).

We decided to keep the prompt simple and naive,
rather than using complex multi-step prompting
or detailed role specifications. This choice was
meant to approximate a realistic instruction that
non-expert practitioners (e.g., support workers or
family members) could reuse with minimal prompt-
engineering experience.

4.2 Evaluation of automatic emotion detection

We examined how well automatically detected emo-
tions are preserved after simplification using the
prompt introduced in the previous section using
GPT-4o via the OpenAI API 3. For each instance
in our evaluation subset (4,947 items), we consider
three labels: (i) the Ekman-level GoEmotions label
(gold), (ii) the prediction of our XLM-RoBERTa
classifier on the original text (pred_orig), and (iii)
the prediction of the same classifier on the simpli-
fied version produced by GPT-4o (pred_simp).

We compared pred_orig and pred_simp directly,
assuming that any systematic errors of our classi-
fier are likely to affect the original and simplified
versions in similar ways. This means that changes
in the assigned labels provide a conservative signal
of genuine shifts in perceived emotion. Across the
full set, pred_orig and pred_simp are identical for
3,588 out of 4,947 items (72.5%), so in roughly
three quarters of the posts the classifier assigns the
same emotion label before and after simplification.
As shown in Figures A.3 and A.4, stability is high-
est for joy and surprise, moderate for sadness and
fear, and lower for anger, disgust and neutral.

We also compared the models prediction on the
simplified texts by comparing pred_simp with gold.
The agreement between the two labels is 0.59. This
indicates that, more of the original emotion is lost
during the simplification. Given that the gold labels
were assigned by annotators to the original post
and the pred_simp is assigned by the automatic

3All models used in this paper were prompted in November
2025.
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classifier to the simplified post, we consider this
comparison less reliable for the emotion shifts.

In many cases, the emotion is clearly maintained
in the simplified post. For instance, joy is pre-
served when “If that’s ice cream, then honestly I
eat ice cream from a cup at home too lmao.” is
simplified to “If that’s ice cream, I eat it from a
cup at home too. ”. Likewise, fear is preserved
when “[NAME] is pretty fucking scary” becomes
“[NAME] is really scary.”; profanity is removed,
but the core fear emotion is unchanged.

In other cases, the emotional framing shifts. An
originally angry comment, “Talk about a fucking
hot take. Quality shit post.” (gold and pred_orig =
anger), is rewritten as “Wow, that’s a strong opin-
ion! Great funny post about this.”, which the clas-
sifier interprets as joy: the simplifier softens and
positively reframes the post, so the original anger
is effectively lost. Similarly, an originally neutral
statement, “It’s how the government treats them.”
(gold and pred_orig = neutral), is simplified to
“The government treats them badly.”, and the clas-
sifier now assigns sadness; the negative evaluation
is made explicit (“badly”), which may be clearer
for readers but shifts the stance from neutral de-
scription to a sad or critical tone. A different neu-
tral post, “Should have been a and 1 tbh, [NAME]
smacked him in the face.” (gold and pred_orig
= neutral), is simplified to “[NAME] hit him in
the face. It should have been a foul.”, the classi-
fier labels now is anger, because the simplification
foregrounds the sense of unfairness more strongly.

These examples support the quantitative picture:
our prompt-based simplification generally main-
tains the overall emotional profile of the texts, es-
pecially for prototypical emotions such as joy and
surprise, but can introduce subtle shifts for bor-
derline or weakly expressed emotions, particularly
neutral, anger and disgust. This situation was also
noticed with machine translation of user generated
content (Saadany et al., 2023).

4.3 Analysis of GPT-4o simplifications
To better understand how our accessibility prompt
shapes the output, we analysed the simplified posts
produced by GPT-4o. We considered running auto-
matic evaluation metrics to assess the quality of the
simplification. However, this was not possible due
to the absence of gold reference simplifications for
the user-generated social media posts. Reference-
based metrics were therefore not used: BLEU relies
on n-gram overlap with reference texts, and SARI

explicitly compares the system output to the input
and to reference simplifications (Papineni et al.,
2002; Xu et al., 2016). Learned “reference-free”
metrics such as SIERA and ARTS were also not
applied because, despite not requiring references
at evaluation time, they still depend on supervised
resources to train or calibrate an evaluator (e.g.,
aligned original-simplified pairs for SIERA and
simplicity-labelled or pairwise-judgement datasets
for ARTS) (Yamanaka and Tokunaga, 2024; Engel-
mann et al., 2024). Finally, BERTScore is defined
as candidate-reference similarity; treating the origi-
nal post as a proxy reference would mainly reward
closeness to the source rather than successful sim-
plification (Zhang et al., 2019).

In light of the limitations of the measures pre-
sented above, we attempted to assess the readabil-
ity of the produced text using existing readabil-
ity measures. The traditional readability formu-
las were developed for edited, continuous texts
and estimate difficulty from simple surface fea-
tures such as sentence length and word length
(Flesch, 1948; Kincaid et al., 1975; Chall and Dale,
1995). These metrics are less reliable for social
media, where short fragments, informal punctu-
ation, hashtags and emojis can disrupt tokenisa-
tion and make scores unstable (Redish, 2000). We
report there the results of four widely used mea-
sures that can be computed consistently on short
texts: FleschReadingEase, Kincaid4, ARI 5, and
DaleChallIndex 6. Posts were also pre-processed
to remove emojis. We calculated the readability
scores using the readability 0.3.2 package7. As
shown in Table 2, all the texts were deemed easy to
read, with the simplified posts scored even “easier”
on average. This is due to the fact that many posts
are short and use common words. However, these
apparently “easy” scores mask difficulties typical
of user-generated content, including non-standard
or missing grammar, slang, and dense abbrevia-
tions or initialisms. For this reason, traditional
readability scores provide only limited information
for social-media texts and should be interpreted
with caution, in particular, they do not guarantee
that posts are accessible for people with ID.

4https://readable.com/readability/flesch-reading-ease-
flesch-kincaid-grade-level/

5https://readable.com/readability/automated-readability-
index/

6https://readable.com/readability/new-dale-chall-
readability-formula/

7https://pypi.org/project/readability/
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Metric Original Simplified

FleschReadingEase 99.47 105.59
Kincaid 1.76 0.41
ARI 2.56 0.93
DaleChallIndex 4.07 3.37

Table 2: Average readability scores for original vs. sim-
plified posts.

Our analysis below focuses on qualitative exam-
ination of how GPT-4o rewrites the posts under the
accessibility prompt showing in detail how the text
itself changes after simplification. It is based on
the same 4,947-item subset described above, com-
paring original posts to its GPT-4o simplification.
GPT-4o almost always rewrites the input rather
than leaving it unchanged, with only a few posts
remaining identical to the original. These are typi-
cally very short, already accessible messages, such
as “I like Tom and Kato.”, “It’s cool.” or “Thank
you [NAME].”, where the model reproduces the
input verbatim. However, we did not detect any pat-
tern to indicate when these short posts are going to
be rewritten and when not. In some instances, GPT-
4o rephrases already short posts without adding
real clarity. For example, “Lmao quality.” is sim-
plified as “Haha, this is great quality.”, and “Lol
I’m glad” becomes “Haha, I’m happy.”.

A noticeable pattern observed concerns the in-
sertion of emojis and hashtags, despite the prompt
instructing that emojis should be kept only when
they add meaning and that hashtags should use
CamelCase. In the original dataset, there are 164
emojis in 90 posts (less than 2% of the posts) and
12 hashtags in 11 posts (less than 0.2% of the posts).
Although the prompt did not encourage adding new
emojis or hashtags, GPT-4o often introduces both
in the simplified versions. In total, the simplified
outputs contain 696 emojis in 632 posts (nearly
13% of posts) and 706 hashtags across 692 posts
(nearly 14% of posts).

Typical examples of inserted hashtags include
a gratitude hashtag, as in “Great thanks for the
advice!” becoming “Thanks a lot for the advice!
(#Grateful)”, even though the model was not in-
structed to add hashtags. The hashtags always
follows the formatting guidance (using CamelCase
and clearer tags) and comply with recommenda-
tions that advise placing them at the end of a sen-
tence. (University of Reading, 2023).

The way existing hashtags are treated is unpre-

dictable. Sometimes they are left as they are e.g.,
“Happy Daily Peko #270!”, sometimes explained
in the running text, for instance, “Fried Egg is
my #1 since cricket cafe stopped doing breakfast
sandwiches.” becomes “Fried Egg is my favorite
now because Cricket Cafe stopped making break-
fast sandwiches.”, and sometimes replaced by new,
sentiment-laden tags such as “If that’s ice cream,
then honestly I eat ice cream from a cup at home.
It’s great for portion control.” is rewritten as “If
that’s ice cream, I eat it from a cup at home. It helps
me eat the right amount. #IceCreamLove”. They
partly follow formatting guidance (using Camel-
Case and clearer tags).

A similar pattern can be seen with emojis. Typi-
cal examples include adding a new emoji to mark
a feeling, as in “account got suspended lmao” be-
coming “My account got suspended. #Funny”.
Sometimes emojis that are already present are sim-
ply preserved and the text around them is expanded,
for example “Sigh, that was beautiful ” becomes
“Wow, that was beautiful. I’m sad ”. In other
posts, GPT-4o removes or replaces emojis: “Im
literally shaking right now ” is simplified to “I
am shaking right now. I feel upset.”, where the
emoji is dropped but the feeling is spelled out in
words, and “omg [NAME] and his dad walking out
together is so cute ” becomes “Wow, [NAME]
and his dad walking together is so cute. Heart eyes
emoji.” The prompt instructs the model to “keep
emojis only if they add meaning”, yet GPT-4o often
introduces new emojis in the simplified posts. This
is not consistent with accessibility guidance, which
recommends using emojis sparingly, placing them
at the end of a sentence, using widely recognised
emojis and not replacing text with emojis (Abili-
tyNet, 2023; Readability Guidelines, 2020). This
behaviour could be as a result of the large number
of social media posts used to train the LLM.

Our prompt explicitly says that the post should
be simplified for people with learning disabilities
in a hope that it will be successfully tackle ab-
breviations and slang. However, the handling of
these phenomena is inconsistent. Common abbre-
viations such as tbh, idk, imo or lmao are usually
removed or paraphrased rather than explicitly ex-
panded. For example, “Should have been a and 1
tbh, [NAME] smacked him in the face.” is simpli-
fied to “[NAME] hit him in the face. It should have
been a foul and 1 point.”, completely discarding
tbh, leading to information loss. In some cases, the
simplified version is still unclear to readers who are
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not familiar with the context of the post. One illus-
trative example is “Holy shit that SSP was beauti-
ful”, becomes “Wow, that SSP was amazing!”; the
profanity is softened, but the unexplained abbrevia-
tion SSP is preserved, so the core referent remains
unclear for non-expert readers. Laughter markers
also fluctuate: LOL and Lmao may be rewritten as
“Haha” in some posts but retained as lol in others,
and sequences such as hahaha can be normalised
to lol, again without a consistent pattern.

Filtering of offensive and sensitive language is
more systematic. Across the dataset, 314 original
posts contain swear words or sensitive terms; the
most frequent items include fuck (110 occurrences),
shit (50), stupid (33) and kill (22). In the simplified
outputs, only 31 posts contain any of these terms,
with just 1 instance of fuck, no instances of shit, 1
instance of kill and 15 instances of stupid. GPT-4o
removes or paraphrases the vast majority of such
content. For example, “[NAME] is pretty fucking
scary” becomes “[NAME] is really scary”; “kills
me” is often rewritten as “makes me feel upset”;
and “Holy shit” is frequently reduced to “Wow”.
More explicit violent phrasing such as “kill some-
one” can be paraphrased as “end someone’s life”.
This kind of automatic detoxification and softening
of aggressive or offensive language mirrors broader
trends in safety-tuned language models, where fil-
tering and controlled generation are used to reduce
toxic content in model outputs (Xu et al., 2021).
By contrast, neutral or identity-related terms such
as gay, sex, and porn are generally preserved, sug-
gesting a distinction between aggressive swearing
and descriptive references to sexuality. As a result,
emotion preservation becomes less predictable: re-
moving or weakening strong profanity can reduce
the intensity or nuance of the original affect, even
when the core propositional content is retained.

The model also tends to make emotions more
explicit, sometimes going beyond what is stated in
the original post. A clear example is “I miss you
[NAME] ”, which is simplified to “I miss you
[NAME] and I feel sad. ”. In this case, GPT-4o
preserves the original wording but adds an explicit
statement of sadness, aligning with the instruction
to “make the feelings clear and simple”. Unfortu-
nately, this explicit emotion labelling is not applied
consistently across posts. Similar expansions occur
with congratulations messages: original “Happy
cake day” posts are often changed to “Happy birth-
day” or “Happy birthday to you”, sometimes with
an added birthday-cake emoji.

Overall, GPT-4o improves style, producing
grammatical, fluent sentences and often correct-
ing hashtags to CamelCase. However, it incon-
sistently adds new hashtags, emojis and explicit
emotion statements, systematically softens offen-
sive language and reframes offensive content in a
polite tone, sometimes introducing emotional and
stylistic cues that do not match the original post.

4.4 Comparing different models on the same
prompt

In addition to experiments presented in the previ-
ous section, we carried out a comparison of several
large language models on a smaller selection of
posts that covered the main phenomena of interest:
swear words and offensive language, emojis and
hashtags, abbreviations and initialisms, and already
short, apparently accessible posts. We applied the
same accessibility prompt (Section 4.1) to a manu-
ally selected set of posts. Our experiments reveal
consistent differences in how the models respond to
the same accessibility prompt. However, they also
introduced additional behaviours. For ChatGPT 5,
explicit first-person feeling statements were added
in 58.3% of the simplified posts. DeepSeek often
shifted from simplification to meta-commentary, in
37% of cases the output described the original post
(e.g., “They are saying...”, “This tweet...”) instead
of providing a self-contained simplified version.
Gemini showed a similar case in 35% of simplified
posts, it switched into explanation mode, providing
commentary or interpretation instead of a direct
simplification.

ChatGPT-4o vs. ChatGPT 5 behave very sim-
ilarly on this prompt. Both usually preserve the
basic facts and overall emotion and produce fluent,
grammatical rewrites. However, they systemati-
cally make feelings explicit, even when the original
post already conveys them. For instance, “[NAME]
is pretty fucking scary” is simplified as “[NAME]
is really scary. I feel afraid.”. The core meaning is
preserved, but the models add first-person emotion
statements that was only implicit in the source. A
similar pattern appears in more abstract posts: “As
long as blind luck exists, there is no upper limit on
stupidity.” is rendered as “While blind luck exists,
people can still do very stupid things. I feel an-
noyed.”, which improves syntactic clarity but does
not explain the idiom “blind luck”.

Both ChatGPT models apply safety and polite-
ness norms to offensive or potentially discrimina-
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tory content. For example, “Brown woman bad” is
rewritten as “They are saying a brown woman is
bad. I feel angry and upset.”, which shifts from a
direct racist statement to a meta-commentary on
that statement, explicitly judging it. ChatGPT-4o
and ChatGPT 5 improve fluency and make emo-
tions explicit, but they tend to add extra cues (feel-
ings sentences, emojis, softening or reframing of
attitudes) and offer limited help with implicit refer-
ences, abbreviations or idiomatic language.

DeepSeek V3.2 shows a noticeably different pat-
tern, especially around swear words and toxicity. It
rarely repeats strong offensive words and instead
rephrases it in terms of emotional states. For ex-
ample, posts that contain fuck or similar words are
often rewritten as short first-person statements of
feeling, such as “Fuck my life” becoming “Feeling
hopeless. Everything is going wrong for me.” or
“Move bitch get out the way.” being rendered as
“The person is angry and frustrated. They are shout-
ing: “Move! Get out of my way!””. In more com-
plex hostile content, like “And everybody clapped!
Fuck this loser!”, DeepSeek suppresses the insult
(“They are saying that a story someone told is not
true. They think the person is lying to seem impor-
tant. The feeling is anger and disbelief.”). Similarly,
“Brown woman bad” is turned into “I am angry and
upset. A woman with brown skin is being called
a bad person.”. Across the examples, DeepSeek
is more aggressive than GPT-4o in filtering swear
words and slurs, replacing them with descriptions
of anger, disgust or frustration and often adding
an angry emoji in the end of the sentence. This
behaviour aligns with a strong safety layer and may
be preferable for reducing exposure to offensive
vocabulary, but it further distances the output from
the original emotion and can blur the distinction
between reporting a harmful statement and express-
ing the models own stance.

Gemini 2.5 Flash is less well aligned with the
prompt. On many instances it switches from rewrit-
ing to explaining or commenting, or it asks for
more context instead of producing a self-contained
simplified post. For instance, when given the very
short insult “An ugly fuk”, this model first responds
that the post seems incomplete and asks for the full
text, then offers a meta-description such as “the
meaning is a person is calling someone else an
ugly curse word” before giving the simplified text.
For “fucking fuck fuck”, it explains what the se-
quence of swear words means and finally suggests

“I am very angry.” as a replacement. In the case
of “Holy shit that SSP was beautiful”, the refer-
ence to “SSP” is lost and the post is reduced to
“That food was really good.”, which removes both
the swear word and the specific object of evalua-
tion and changes the meaning completely. In other
examples, Gemini produces relatively long para-
phrases that merge simplification with interpretive
commentary (e.g. spelling out why something is
sexist or unfair). These behaviours indicate that,
under our prompt, Gemini treats the task as expla-
nation and moral evaluation rather than rewriting.

This cross-model comparison shows that the under-
lying model and safety configuration substantially
influence how the same prompt is handled in prac-
tice. GPT-4o and ChatGPT 5 are more likely to
follow the prompt and produce fluent, well-formed
rewrites, but they systematically add explicit emo-
tion labels and sometimes extra emojis or hash-
tags, while leaving many abbreviations, idioms and
culture-specific references unexplained. DeepSeek
V3.2 places more emphasis on removing or soften-
ing offensive language and reduces lexical toxicity
but can obscure the original post. Gemini 2.5 Flash,
by contrast, frequently shifts into explanatory or
advisory mode and occasionally loses important
details, making its outputs unsuitable as simple,
accessible substitutes for the original posts. How-
ever, the Gemini 2.5 Flash model is smaller than
the OpenAI’s models tested in this paper.

4.4.1 Results on alternative prompts
In addition to the main accessibility prompt, we ex-
perimented with several alternative prompts across
all models. These variants were also applied to a
small subset of posts and were motivated by spe-
cific problems observed with the original prompt:
over-production of “I feel X” sentences, addition of
new emojis and hashtags, and lack of explanation
for abbreviations, slang and idiomatic expressions.

One group of alternatives targeted the explicit
emotion clause using the prompt presented in Fig-
ure A.5. Removing the instruction to “also name
the feeling in words”, or adding a prohibition such
as “do not add feelings or any assumptions about
how a person feels”, reduced but did not fully
eliminate first-person emotion statements in Chat-
GPT 5 and ChatGPT-4o. In some runs, the mod-
els switched from, for example, “I feel disgusted.”
to more implicit intensifiers (e.g. “Fear”, “Feel-
ing:amused”, “(Emotion: anger)”), but in few in-
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stances they still added sentences such as “I feel
happy for you”. This shows that the model does
not strictly obey prompts. Its behaviour is shaped
by context and the underlying safety-tuned policy,
not only by the prompt (Kung and Peng, 2023).

The second group of prompts focused on emojis
and hashtags (Figure A.6). We removed or softened
the original instructions (for example, omitting the
CamelCase clause or changing the wording about
adding new hashtags or emojis). In some cases,
expressions such as “lol” were still replaced by
emojis, or new emojis were introduced even when
the original post did not contain any. However,
when the part of the prompt referring to hashtags
was removed entirely, the models typically did not
introduce new hashtags at all, but sometimes used
an emoji instead of a hashtag.

Finally, we tested a prompt that explicitly asked
the model to explain or expand abbreviations, fa-
mous people or events (Figure A.7). These vari-
ants sometimes produced helpful expansions such
as spelling out the meaning of “lmao” or clarify-
ing some events or places, but the behaviour was
inconsistent: in many cases, compressed jokes,
memes and culture-specific references remained un-
explained, or were paraphrased only partially. We
plan to experiment with more advanced prompts
that can produce better explanations for the posts.

Overall, the alternative prompts helped diagnose
which aspects of the behaviour are prompt-sensitive
and which are largely determined by the underly-
ing model. They show that some issues can be
mitigated, for example, slightly fewer emojis or
more literal paraphrases, but that core tendencies,
for instance, adding explicit emotion statements
and using emojis persist across prompt variants.
This shows that prompt design can steer, but not
fully control, accessible post simplification, and
that model choice and safety configuration remain
crucial factors.

5 Discussion and conclusion

This paper explores the use of LLMs for simpli-
fying social media posts. Our experiments show
that LLM-based simplification can often preserve
the perceived emotion of social media posts, but
preservation is not guaranteed and varies with the
LLM. Comparison between the emotion in the
original and the simplified versions shows that in
72.5% cases rewrites retain the same emotion cat-

egory, especially for frequent classes such as joy
and surprise. Stability is lower for anger, disgust,
and particularly neutral, which aligns with qualita-
tive observations that simplification can often shift
a neutral description towards a negative emotion.
Whilst distortion of emotion changes the meaning,
a preliminary analysis revealed there are also cases
where the meaning is changed due to the fact that
information is added or removed without having
an impact on the overall emotion. Moreover, in
several cases it was difficult to decide whether the
information was preserved, as the lack of context
made the original post hard to interpret. In future
work, we plan to conduct a larger and more sys-
tematic analysis to better understand how to design
prompts that preserve not only emotional content,
but also the full informational meaning.

The cross-model comparisons we carried out
indicate that model choice and safety configura-
tion affect outcomes. GPT-4o and ChatGPT 5 be-
have similarly under the same instructions, whereas
DeepSeek V3.2 appears more sensitive to hostile
content, and Gemini 2.5 Flash often shifts into an
explanatory register. This suggests that LLM-based
accessibility rewriting is not a uniform capabil-
ity: even with the same prompt, different mod-
els can produce outputs that vary in faithfulness
to the source and handling of offensive language,
hashtags or emojis. Since the differences between
GPT-4o and ChatGPT 5 were not critical for the
main analyses, the more cost-effective option was
used for large-scale experiments.

We also run ChatGPT-4o and ChatGPT 5 several
times using the same prompt on the same posts in
order to assess how stable the results were. We
noticed that the simplified posts did not differ too
much from run to run which gives us confidence
that the results presented in this paper are reliable
and robust, suggesting that the observed patterns
are not artifacts of randomness in model sampling.

Prompt-based LLM simplification shows clear
potential to make emotionally charged social me-
dia posts easier to read. However, it should not
be treated as a fully reliable solution without addi-
tional control. Emotion preservation is not consis-
tently reliable across models and settings. Safety
configurations and default rewriting behaviours can
introduce subtle changes in wording and tone that
shift how a post is interpreted. More advanced ap-
proaches such as using a cascade of LLMs which
simplify and assess the content, or fine-tuning will
be explored in future research.
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A Appendix

Ekman Emotion Precision Recall F1-score

anger 0.50 0.65 0.57
disgust 0.52 0.53 0.53
fear 0.61 0.76 0.68
joy 0.77 0.88 0.82
neutral 0.66 0.67 0.66
sadness 0.56 0.62 0.59
surprise 0.53 0.70 0.61

macro-average 0.59 0.69 0.64
std 0.10 0.11 0.10

Table A.3: Ekman-level BERT baseline on GoEmotions
(from Demszky et al. (2020)) for comparison with our
XLM-RoBERTa classifier.

Figure A.1: Label stability between pred_orig and
pred_simp: percentage of items for which the classi-
fier assigns the same Ekman emotion before and after
simplification.
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Figure A.2: Confusion-matrix heatmap for the XLM-RoBERTa classifier on the GoEmotions dataset.
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Figure A.3: Alluvial diagram showing flows from emotion labels predicted on the original posts (pred_orig, left) to
labels predicted on the simplified posts (pred_simp, right).
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Figure A.4: Confusion matrix showing counts of emotion labels predicted on the original posts (pred_orig) versus
the simplified posts (pred_simp).
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Simplify the post so that people with learning disabilities can easily understand it. Keep
the same meaning and facts. Preserve the same emotion. Do not soften or exaggerate the
emotion. Do not add new facts or advice. Do not judge the person. Use common words
and active voice. Keep emojis only if they add meaning. Use CamelCase for hashtags. For
example, instead of #learningdisabilityweek, write #LearningDisabilityWeek. Do not add
feelings or any assumptions about how a person feels. Keep simple posts as they are, even
though they contain swear words. Explain all abbreviations, famous people, events or any
other entities. Do not add hashtags or emojis

Simplify the post so that people with learning disabilities can easily understand it. Keep
the same meaning and facts. Preserve the same emotion. Do not soften or exaggerate the
emotion. Make the feelings clear and simple. Do not add new facts or advice. Do not
judge the person. Use common words and active voice. Keep emojis only if they add
meaning. Use CamelCase for hashtags. For example, instead of #learningdisabilityweek,
write #LearningDisabilityWeek. Do not add “I feel”. Keep simple posts as they are, even
though they contain swear words. Explain all abbreviations, famous people, events or any
other entities. Do not add hashtags or emojis.

Figure A.5: Prompt variant removing the instruction to “also name the feeling in words”
.

Simplify the post so that people with learning disabilities can easily understand it. Keep the
same meaning and facts. Preserve the same emotion. Do not soften or exaggerate the emotion.
Make the feelings clear and simple. Do not add new facts or advice. Do not judge the person.
Use common words and active voice. Keep emojis only if they add meaning, and also name the
feeling in words. Do not assume how the person feels.

Simplify the post so that people with learning disabilities can easily understand it. Keep the
same meaning and facts. Preserve the same emotion. Do not soften or exaggerate the emotion.
Make the feelings clear and simple. Do not add new facts or advice. Do not judge the person.
Use common words and active voice. Keep emojis only if they add meaning. Do not assume
how the person feels.

Figure A.6: Prompt variant removing the instruction about hashtag or emoji.

You are an accessibility editor for social media.
GOAL: Make the posts easy to read without changing the original emotion or facts.
CONSTRAINTS: (1) Short sentences; one idea per sentence. (2) Keep names, numbers, links;
keep hashtags (CamelCase). (3) No advice, opinions, or extra facts. (4) Do not judge the person.
(5) Keep emojis only if they were in the original text and keep emojis at the end of the message
(6) Explain all abbreviations, famous people, events or any other entities.
EMOTION: Keep the same emotion and intensity. Make the feelings clear and simple. Do not
add feelings or any assumptions about how a person feels.
OUTPUT: Only the simplified text.

Figure A.7: Different prompt with additional instructions
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Abstract
Machine translation (MT) systems perform
well on standard benchmarks, yet their abil-
ity to preserve emotional meaning in informal
user-generated content—particularly for low-
resource languages—remains underexplored.
We investigate the preservation of emotion in-
tensity in Spanish–Basque tweet translation,
focusing on Basque, an under-represented lan-
guage in MT research. We compile a small,
controlled corpus of Spanish reaction tweets
and evaluate Basque translations from three
publicly available systems through a crowd-
based study. While all systems achieve com-
parable and above mid-range accuracy and flu-
ency, emotion intensity is systematically atten-
uated in the translations, with greater loss for
more emotionally intense inputs. A follow-
up on highly emotional tweets shows that
LLM prompting reduces emotion loss, yet sub-
stantial attenuation remains, highlighting emo-
tion preservation as a persistent challenge in
Spanish–Basque MT.

1 Introduction

Machine translation (MT) quality has improved
substantially in recent years, with neural ap-
proaches—particularly transformer-based architec-
tures and large multilingual models—now domi-
nating research and practice (Ataman et al., 2025;
Chatterji et al., 2025). According to the WMT 2025
findings, current systems perform well on standard
benchmarks, especially for descriptive, emotion-
ally neutral, and well-structured texts. These gains,
however, are uneven across languages and domains,
motivating the development of more challenging
evaluation settings with linguistically complex data
(Kocmi et al., 2025). In this context, creative
and noisy user-generated content (UGC), such as
tweets, remains particularly challenging for MT
(Barbieri et al., 2020; Popovic et al., 2024), and ex-
poses limitations in handling linguistic variability,
metaphorical language, and contextual cues. These

challenges are amplified in low-resource settings,
where limited parallel data and cultural specificity
constrain both training and evaluation (Joshi et al.,
2020). Basque, despite recent corpus development
efforts (Etchegoyhen et al., 2018; Barnes et al.,
2018; Romero et al., 2022; Heredia et al., 2025), re-
mains under-represented in MT research on UGC,
particularly in informal, affect-rich domains.

Prior work shows that the preservation of emo-
tional intensity is particularly important when trans-
lating between languages with unequal resources
or sociolinguistic status, yet MT systems often fail
to retain fine-grained affective cues (Briakou and
Carpuat, 2021). Still, many online platforms (e.g.,
X) automatically translate UGC without human
supervision. While this can increase accessibility
for minority languages like Basque, it also risks
distorting emotionally salient content that shapes
cross-linguistic interpretation. Given the pervasive
and emotionally charged nature of social media,
it is essential to examine whether—and to what
extent—emotional content is preserved in MT out-
puts, particularly for these languages. In this paper,
we investigate Spanish–Basque tweet translation,
analyzing how different MT systems handle accu-
racy, fluency, and emotion intensity preservation.
We construct a small tweet corpus and conduct
a crowd-based evaluation with Basque-speaking
intensity increases, emotion intensity loss in trans-
lation becomes progressively more pronounced.

2 Related Work

Tweets differ markedly from formal written genres
in their linguistic, structural, and pragmatic proper-
ties. Twitter has been described as a highly conver-
sational medium shaped by platform-specific con-
ventions such as mentions, retweets, and hashtags
(Honeycutt and Herring, 2009). Tweets are typi-
cally brief and informal, exhibiting non-standard
orthography, creative spelling, abbreviations, ex-
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pressive punctuation, and multimodal markers such
as emojis and hashtags (Eisenstein, 2013; Zappavi-
gna, 2012). Prior work highlights the frequent use
of stance-taking, irony, and humor, particularly in
emotionally charged contexts (Barbieri and Sag-
gion, 2014). Twitter discourse also relies heavily
on shared context, ongoing events, and cultural ref-
erences (Feldman et al., 2018), while lexical varia-
tion reflects social identity factors such as gender
and community affiliation (Bamman et al., 2014).
These characteristics make tweets a challenging
genre for MT and emotion-related tasks.

Tweets and microblogs have been widely stud-
ied in recent work on emotion and MT, with anal-
yses focusing on how emotion intensity is altered
during translation. Fukuda and Jin (2022) adopt
a quantitative approach to emotion preservation
by measuring how emotion scores assigned to
tweets change before and after translation. Us-
ing a Japanese–English Twitter dataset, they apply
an automatic emotion analysis system, enabling
direct comparison of emotion intensity across mul-
tiple categories (joy, relief, fear, anger...). They
show that MT systematically alters emotional pro-
files, with translated tweets exhibiting reduced vari-
ance and attenuated intensity, particularly for high-
arousal emotions. Crucially, these effects are ob-
served even when translations are otherwise fluent
and semantically adequate, indicating that emotion
distortion is not captured by standard MT evalua-
tion metrics.

Extending this analysis to a multilingual setting,
Saadany et al. (2023) use emotion-annotated Twit-
ter data in English, Arabic, and Spanish, and ana-
lyze translations by commercial MT services, in-
cluding Google Translate, Microsoft Bing Trans-
lator, and Amazon Translate. Their study com-
bines automatic detection of emotion mismatches
with targeted manual error analysis, and allows
them to identify Twitter-specific linguistic phenom-
ena—such as slang, emojis, code-switching, and
non-standard spelling—that frequently trigger emo-
tion distortion even when translations remain fluent
and semantically plausible.

Qian et al. (2023) continue in this line for Chi-
nese–English translation of emotion-loaded mi-
croblog texts. Using translations generated by
Google Translate, they conduct fine-grained man-
ual evaluation based on an MQM-inspired scheme
that explicitly targets emotion preservation and dis-
tortion. Again, their analysis shows that a substan-
tial proportion of MT outputs fail to preserve the

original emotional meaning, and their error analy-
sis highlights recurring triggers such as polysemy,
negation, and abbreviations.

To the best of our knowledge, no prior work has
examined the preservation of emotional intensity
of translated social media content into Basque, al-
though recent studies have begun to characterize
informal language in social media (ILSC) for this
language. The challenges typically associated with
ILSC—non-standard orthography, emojis, abbrevi-
ations, cultural references, and emotionally charged
expressions—are amplified by Basque’s status as
a minority language undergoing revitalization, in
which informal digital registers are still emerg-
ing. From a sociolinguistic perspective, Elordui
(2025) identifies three defining features of Basque
ILSC—transcription of spoken language, dialec-
tal variation, and code-switching—based on the
GazteSare corpus (Elordui et al., 2020). However,
as GazteSare draws on Facebook and Instagram
data, its findings may not fully capture ILSC on
platforms such as X, where communication is more
public, reactive, and performative, often intensify-
ing expressive and affective language.

These findings motivate a focused investigation
of emotion preservation in the machine translation
of tweets into Basque.

3 Experimental Setup

3.1 Spanish tweets

Our first step was to obtain a corpus of infor-
mal Spanish tweets. Although a parallel Spanish–
Basque dataset would be ideal, no such resource
exists to our knowledge. While several tweet collec-
tions have been developed for Spanish and Basque
(Alegria et al., 2013; Pérez et al., 2019; Amores
et al., 2021; Camargo Fernández, 2021), these are
typically domain-specific, thematically limited, or
dated. Also, they do not all involve informal lan-
guage and tend to rely on translated data. Given
the rapidly evolving nature of online discourse, we
constructed a new dataset tailored to our study.

Because direct collection of real tweets is con-
strained by platform policies and legal considera-
tions, we designed a controlled elicitation task to
simulate authentic tweet production. To capture
informal, creative, and emotionally expressive lan-
guage, we recruited 19 native Spanish-speaking
volunteers aged 19–25, a demographic chosen for
their frequent use of platforms such as X.

Volunteers were asked to produce reaction
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tweets within a form-based interface. To approxi-
mate a realistic user experience, we embedded the
stimuli in a X-like layout: each stimulus displayed
a headline and subheading tweet adapted from ei-
ther a mainstream Spanish newspaper (El País) or
a satirical outlet (El Mundo Today), accompanied
by an illustrative image, metadata such as likes and
retweets, and surrounding interface elements (e.g.,
recommended accounts, trending topics). The top-
ics were chosen to encourage spontaneous, playful,
or cheeky reactions; our interest lay primarily in
the linguistic form, tone, and stylistic features of
the responses. For each stimulus, volunteers were
provided with an empty text box in which to write
their reaction tweets.

Before beginning the task, we conducted a brief
group discussion in which participants reflected
on what they perceived as characteristic features
of tweets (e.g., brevity, irony, informality). This
served to situate them in an everyday social media
mindset and mitigate the risk of producing unnatu-
rally formal or academically influenced language.
In total, we collected 472 reaction tweets, with each
volunteer contributing an average of approximately
24–25 instances.

3.2 Baseline Basque translations
To assess how different systems handle the auto-
mated translation of informal tweet language, we
compared the outputs of three publicly accessible
MT and LLM-based tools. The first system was
Itzuli, a neural MT service developed and main-
tained by the Basque Government1. The second
was ChatGPT 4-o-mini, a proprietary large lan-
guage model accessible via the ChatGPT platform2.
Finally, we included Latxa, a Llama-based open
model specifically adapted for Basque and recently
released by the HiTZ Center (Sainz et al., 2025)3.
Together, these systems represent a generic NMT
engine, a generic commercial multilingual LLM,
and an open-source Basque-specialized LLM, al-
lowing us to examine a diverse range of approaches
to Spanish–Basque translation.

All translations were obtained using each sys-
tem’s default configuration. For the LLMs, we used
a simple translation prompt instructing the model to
“translate the following tweet,” without providing
additional information or constraints. This design
choice allows us to compare the baseline perfor-

1https://www.euskadi.eus/itzuli/
2https://chatgpt.com/
3https://latxa.hitz.eus/

Figure 1: Sample screenshot of the evaluation interface.

mance of each model in a minimal-supervision set-
ting and focus on the inherent capabilities of each
system in preserving the linguistic and emotional
intensity of informal social-media discourse.

3.3 Evaluation attributes and platform

Although our primary focus is the preservation
of emotional intensity, we begin with the two di-
mensions that are typically central in translation
quality evaluation: whether the target text pre-
serves the meaning of the source (accuracy) and
whether it reads naturally (fluency). However,
tweets place particular emphasis on emotional con-
tent, given their informality, expressiveness, non-
standard spelling, and dense affective cues. Accord-
ingly, we include emotion intensity as a separate,
explicit evaluation attribute, assessing whether the
translation preserves the emotional intensity of the
original text.

This issue is especially relevant in the case of
Basque. First, most training data–whether for NMT
systems or LLMs–primarily covers standard or for-
mal registers, which means that models have lim-
ited exposure to non-standard, colloquial uses of
the language. Second, although Basque has under-
gone substantial normalization, its informal vari-
eties continue to evolve unevenly across regions
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and speaker communities. With 5 dialects, about
15 subdialects and over 50 recognized varieties,
as well as widespread code-switching with Span-
ish/French and English, what counts as “natural”
Basque in informal settings can differ significantly
across speakers. As a consequence, the perception
and expression of emotion in Basque is highly vari-
able, making it an especially challenging language
for evaluating the adequacy of informal MT. To
address this gap, we also gather reference tweets
by participants for further research.

We designed a dedicated web page to collect
fully anonymous evaluations from the Basque-
speaking community (Figure 1). Participants were
asked to indicate their linguistic background (na-
tive/C1 level, specialization, and social media us-
age), but no verification was required. Previ-
ous crowd-based evaluation campaigns (Aranberri
et al., 2017; Aranberri, 2024; Sainz et al., 2025)
have shown that contributions from non-Basque
speakers are extremely rare, probably because the
initiative is not relevant to this profile and because
the dissemination channels typically reach Basque-
speaking networks. Lowering participation barri-
ers leads to higher engagement, and given the low
risk of contamination, we opted not to perform ad-
ditional checks. For anomalous cases, reference
translations could be manually reviewed and re-
sponses discarded.

Once participants completed the introductory
section and profile questions, they proceeded to
the evaluation interface. For each item, they were
shown the initial Spanish tweet, its Spanish reac-
tion tweet, and the automatically translated Basque
version of the latter. They rated accuracy (“does
the translation express the same meaning as the
Spanish reaction tweet?”) and fluency (“does the
translation read naturally in Basque?”) using a 7-
point Likert scale. They also rated the emotional
intensity of both the Spanish reaction tweet and its
Basque translation on a 5-point Likert scale. Al-
though absolute intensity values were collected,
note that our main interest lies in the comparison
between the source and target languages. Finally,
participants were offered an open text box to pro-
vide their own Basque translation under the prompt:
“How would you translate this reaction tweet into
Basque?”

Given the size of the dataset, we set to collect
a single evaluation per translation instance. While
this limits our generalizability, it provides a valu-
able first step toward understanding how infor-

mal, emotion-rich tweet language is translated into
Basque and lays the groundwork for more exten-
sive evaluation in future work.

4 Crowd assessment results for baseline
translations

We collected 1,098 individual evaluation responses.
Because the same reaction tweet was not presented
to evaluators twice and the task was open for a
limited amount of time, the resulting dataset ex-
hibited certain imbalances: some translations did
not receive any evaluation, while others received
several, independent assessments. To improve the
comparability of the results, we cleaned the data.

First, we removed all reaction tweets for which
any of the three MT systems lacked evaluation.
Next, we resolved duplicate evaluations, defined
as cases in which the same reaction tweet–system
pair received more than one assessment. To do
so, we distinguished between specialist and non-
specialist evaluators. We classified evaluators as
specialists if they were native or C1-level Basque
speakers and met at least one of the following cri-
teria: training in translation studies or philology,
professional experience as translators, or work in
communication-related fields. All remaining eval-
uators—including those who did not report their
language proficiency or lacked a language-related
background—were classified as non-specialists.

For duplicate cases evaluated exclusively by non-
specialists, we merged the assessments by averag-
ing their scores. Similarly, for duplicates evalu-
ated only by specialists, we averaged the specialist
scores. Finally, for cases with mixed evaluator pro-
files, we retained only the specialist assessments;
when multiple specialist evaluations were available,
these were again merged by averaging the scores.

After completing this cleaning process, our
dataset consisted of 1,002 evaluations for 334 re-
action tweets, with exactly one evaluation per MT
system for each reaction tweet.

The evaluations were predominantly provided
by self-reported proficient participants: 75% of the
responses came from native Basque speakers and
91% from evaluators who reported a C1 level or
higher. Only 28 responses (2.79%) were submit-
ted by non-native evaluators who did not report a
C1 level. After manually reviewing the reference
translations produced by the latter group, we chose
to retain all responses, as their contributions were
of satisfactory quality.
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Figure 2: Distribution of accuracy and fluency scores per system. Horizontal lines indicate median values.

4.1 Accuracy and Fluency

Focusing on general translation quality, we analyze
two attributes: accuracy and fluency (Figure 2). In
a 1-7 Likert scale, accuracy scores fall in the range
of approximately 5.1-5.3, while fluency scores are
slightly lower, around 4.6-4.8. On average, this
reflects a difference of roughly 0.5 scale points
between accuracy and fluency, with accuracy con-
sistently rated higher. Both dimensions are about
0.5-1.7 points above the scale midpoint of 4, indi-
cating that the systems clearly surpass mid-range
performance. Yet, at the same time, the gap of
nearly two points between current performance and
the upper end of the scale suggests substantial re-
maining room for improvement.

Accuracy scores are similar across systems, with
Itzuli (M = 5.28, SD = 2.03) and chatGPT (M =
5.21, SD = 1.97) performing nearly identically and
Latxa slightly lower (M = 5.10, SD = 2.05). A
comparable pattern is observed for fluency, where
chatGPT (M = 4.78, SD = 2.02) and Itzuli (M =
4.70, SD = 2.05) again score similarly, followed by
Latxa (M = 4.58, SD = 2.08). All three systems
cover the full 1-7 scale, with distributions show-
ing similar variability and reflecting variation in
translation performance.

To test whether these differences are statistically
meaningful, we applied complementary analyses.
A one-way ANOVA found no significant effect of
system for either accuracy (F = 0.67, p = .512) or
fluency (F = 0.83, p = .436). The Kruskal–Wallis
test, which does not assume interval-scale Likert
data confirmed this resu (accuracy: H = 1.69, p =
.429; fluency: H = 1.58, p = .453).

4.2 Preservation of emotion intensity

We next turn to emotion preservation. Spanish
intensity scores span the entire scale (1–5), with

a mean of 3.61 (SD = 1.14). The distribution is
skewed toward mid-to-high intensity: the median
is 4, and the interquartile range spans from 3 to
4. This indicates that most reaction tweets express
noticeable, though not extreme, emotion intensity
(Figure 3). Although assigning emotion intensity
to a tweet is inherently subjective, evaluators rated
the Spanish reaction tweets set consistently across
systems (Itzuli: 3.63, ChatGPT: 3.61, Latxa: 3.60),
making general comparisons possible (Itzuli: 3.63,
ChatGPT: 3.61, Latxa: 3.60).

When examining how systems preserved this
emotional intensity in their Basque outputs, we
observe a clear downward shift (Figure 3). While
Basque scores also cover the full available range,
the mean drops to 2.80 (SD = 1.29), nearly one
full point lower than the Spanish originals. This
indicates that translations tend to dampen emotion
intensity, producing outputs that are more neutral
or less expressive than their Spanish counterparts.
The median Basque intensity score is 3, reflecting
a general attenuation rather than an abrupt loss of
affect.

This trend is consistent across systems, with sim-
ilar mean scores for Itzuli (2.83), ChatGPT (2.76),
and Latxa (2.82). The consistency of this reduction
across models suggests that emotion dampening
is not system-specific, but rather reflects a broader
challenge in MT.

Aware of the subjectivity involved in determin-
ing emotional intensity, our primary interest lies not
in absolute scores but in how intensity shifts during
translation. We therefore analyse the intensity shift,
defined as the difference between the Basque and
Spanish emotion intensity ratings for each transla-
tion. Negative values indicate emotional attenua-
tion, while positive values reflect amplification.

Across all systems, the mean intensity shift is
consistently negative. To better understand this ef-
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Figure 3: Distribution of emotion intensity scores for Spanish source tweets and Basque translations. Horizontal
lines indicate median values.

fect, we examine how shifts vary across the Spanish
scale and whether systems differ in their handling
of low-, medium-, and high-intensity inputs.

Across the three systems, emotion intensity
preservation behaviour is remarkably consistent
at each Spanish emotion level, with inter-system
differences generally below 0.5 points (Figure 4).
For tweets with low intensity (levels 1 and 2), all
systems preserve emotion closely, with shifts near
zero. As source intensity increases, however, atten-
uation becomes more pronounced: tweets rated at
level 3 lose approximately half a point on average,
while high-intensity tweets (levels 4 and 5) lose
between one and 1.3 points. This trend indicates
that input with higher emotional intensity leads to
greater loss in translation, regardless of the system
used.

To assess whether differences between systems
are significant, we compared the intensity-shift
scores using both parametric and non-parametric
tests. A one-way ANOVA found no signifi-
cant effect of system (F = 0.42, p = .659). A
Kruskal–Wallis test similarly showed no signifi-
cant differences (H = 1.67, p = .434). Together,
these results indicate that the system used to ob-
tain the translation does not influence the degree of
intensity shift.

4.3 Emotion intensity shift and translation
quality

Finally, we checked whether the degree of emo-
tion intensity shift in translation correlates with
the global translation quality attributes studied,
namely, accuracy and fluency. Because both met-
rics are ordinal, we first computed Spearman rank
correlations. Intensity shift exhibits moderately
strong positive correlations with both accuracy
(ρ = 0.514, p < 0.001) and fluency (ρ = 0.481,

Figure 4: Degree of intensity shift (Basque–Spanish)
across Spanish levels.

p < 0.001), which suggests that translations that
preserve more emotional intensity also tend to re-
ceive higher quality ratings. However, the asso-
ciation is moderate rather than deterministic: at-
tenuation is observed even in translations judged
as reasonably accurate and fluent. This pattern,
robust across systems, differs from previous find-
ings (Fukuda and Jin, 2022; Saadany et al., 2023),
which emphasize a stronger independence between
emotion preservation and general translation qual-
ity. One possible explanation is that differences in
overall system quality may partly account for this
relationship, motivating further investigation into
the interplay between emotion intensity preserva-
tion and global quality metrics.
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5 High emotion intensity tweet translation

Given that translations of more emotionally intense
tweets appear to be particularly challenging, and
noting that our initial experiments did not fully
exploit the capabilities of LLMs, we conducted a
targeted follow-up evaluation.

We selected reaction tweets with high emotion
intensity (scores of 4 or 5) whose Basque transla-
tions had previously received low intensity ratings
(=< 3). This procedure resulted in a subset of 86
reaction tweets. These tweets were retranslated into
Basque using Latxa under three different prompt-
ing conditions:
Prompt 1: A prompt written in Basque that assigns

the LLM the role of a professional trans-
lator, explicitly describes the commu-
nicative context and stylistic characteris-
tics of tweets, and requests high-quality
translations with respect to accuracy,
fluency, and style.

Prompt 2: An extension of the previous prompt
with five real, in-context examples of
Basque tweets, corresponding to a few-
shot setting.

Prompt 3: A variation of the second prompt with
the temperature increased from 0.7 to
1.2 (Top-P at 0.9), allowing greater gen-
erative flexibility.

We then conducted a crowd-based evaluation.
Using the same platform as before, volunteers were
again asked to assess the accuracy and fluency of
the Basque translations, as well as the emotion
intensity of both the Spanish source tweets and
their Basque counterparts.

We collected a total of 499 evaluation responses
covering the 86 reaction tweets (258 translations),
with at least one assessment per prompt for each re-
action tweet. Regarding participant proficiency,
84.37% of responses were provided by native
Basque speakers, and 94.56% by evaluators report-
ing a C1 level or higher. Only 11 responses (2.20%)
came from non-native evaluators without a reported
C1 level. As before, duplicate evaluations were re-
solved by applying the procedure for distinguishing
specialist and non-specialist evaluators and merg-
ing multiple assessments accordingly.

We begin by examining global quality metrics.
As expected, all three prompting strategies outper-
form the baseline (from now on Prompt 0) on this
high-intensity subset, where scores fail to reach the
scale midpoint (accuracy: M = 3.94, SD = 1.95; flu-

ency: M = 3.47, SD = 1.98). Mean ratings indicate
that all new prompting strategies achieve above
mid-range quality for both attributes; however, the
remaining gap of more than two points to the top of
the scale suggests considerable room for improve-
ment (Figure 5). The few-shot prompt (Prompt 2)
yields the highest mean scores for both accuracy
(M = 4.61, SD = 1.98) and fluency (M = 4.84, SD
= 1.93), followed closely by the description-rich
prompt (Prompt 1; accuracy: M = 4.56, SD = 1.98;
fluency: M = 4.68, SD = 1.96). Increasing the de-
coding temperature (Prompt 3) results in slightly
lower scores (accuracy: M = 4.35, SD = 2.02; flu-
ency: M = 4.55, SD = 2.00).

No significant differences across systems are
observed for accuracy (ANOVA: F = 2.08, p =
.102; Kruskal–Wallis: H = 6.40, p = .094). In
contrast, fluency differs significantly across sys-
tems (ANOVA: F = 8.52, p < .001; Kruskal–Wallis:
H = 23.25, p < .001). Tukey’s HSD confirms
that the baseline prompt (prompt0) scores signif-
icantly lower than all enhanced prompting condi-
tions (prompt1–prompt3; all p < .01), while no
significant differences emerge among the enhanced
prompts (all p > .75).

We next focus on emotion intensity preserva-
tion. Mean Spanish intensity scores range from
approximately 3.8 to 4.1 in a 1-5 scale, clustering
around the high-section of the scale. This shows
slightly more variation in assigning an emotional
intensity to a rich-emotion tweet. Basque scores
are substantially lower across prompts.

Across all prompting conditions, emotion shift
values are consistently negative, indicating a
systematic attenuation of emotional intensity in
Basque relative to Spanish. The baseline prompt
(Prompt 0) shows the largest loss (M = -1.85),
while all three enhanced prompting strategies sub-
stantially reduce the magnitude of this shift. The
few-shot prompt (Prompt 2) achieves the small-
est average loss (M = -1.11), corresponding to an
improvement of approximately 0.6 points in emo-
tional preservation. Nevertheless, even under the
best-performing prompt, emotion intensity is re-
duced by more than one scale point on average,
suggesting that effective emotion preservation may
require more complex prompting or fine-tuning
approaches that add knowledge or better access
particular language characteristics.

To test whether intensity-shift differences are sta-
tistically meaningful, we applied complementary
significance tests. A one-way ANOVA showed a

129



Figure 5: Accuracy and Fluency score distributions per prompt. Horizontal lines indicate median values.

Figure 6: Spanish and Basque emotion intensity score distributions per prompt. Horizontal lines indicate median
values.

significant effect of prompting strategy (F = 4.69, p
= .001), which was confirmed by a Kruskal–Wallis
test (H = 18.45, p = .001). Post-hoc Tukey HSD
comparisons revealed that the baseline prompt
(Prompt 0) differs significantly from all enhanced
prompts (Prompt 1–Prompt 3; all p < .05), while
no significant differences were found among the
enhanced prompts themselves (all p > .80).

6 Conclusions

We studied the MT of emotion-rich tweets from
Spanish into Basque, focusing on translation qual-
ity and preservation of emotion intensity. Overall,
accuracy and fluency scores lie above the scale
midpoint, indicating reasonably good performance,
though with substantial room for improvement; for
high intensity tweets, however, overall quality falls
below mid-range levels, highlighting the difficulty
of this subset. We observe no significant quality
differences between a traditional NMT system and
LLM-based models in baseline settings without

task-specific instructions. Across systems, emotion
intensity is systematically attenuated in translation,
with an average loss of about one point on a 1–5
scale that increases with source emotion intensity.
Contrary to previous work, quality attributes seem
to correlate with intensity shift, possibly reflect-
ing differences in overall system quality. Finally,
basic LLM prompting strategies—contextual in-
structions, few-shot examples, and increased tem-
perature—yield only modest reductions in intensity
loss for highly emotional tweets, leaving intensity
preservation an open challenge in Spanish–Basque
MT.

Several limitations should be acknowledged.
The dataset is small, limiting generalizability,
and the evaluation relies on crowd-based judg-
ments from participants with mixed language back-
grounds. Although prior work shows that eval-
uators with linguistic or translation training tend
to be stricter and expertise was considered dur-
ing data cleaning, its effect was not systematically
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tested. Moreover, most translations received only
a single evaluation, and judgments of quality and
emotion intensity are inherently subjective, adding
variability. Future work would benefit from more
controlled designs that balance emotion intensity
and cover different emotion types, and from ex-
amining how the development and use of infor-
mal Basque—both in MT training data and in
speaker expectations—relate to translation perfor-
mance and evaluation. Despite these limitations,
our results point to emotion intensity preservation
as a meaningful challenge in Spanish–Basque tweet
MT.
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A Prompt wording

• Prompt 0:

Itzuli hurrengo tuitak euskarara.

• Prompt 1:

Itzultzaile profesionala zara. Eskatu dizute
sare sozial bateko erreakzio txioak itzultzeko
gaztelaniatik euskarara. Itzulpenek gaztelani-
ako erreakzio txioen esanahia islatu behar dute
eta hizkuntza jatorra erabili. Txioek hizkera
informala erabili ohi dute, ironia eta sarkas-
moa ere bai, intentsitate emozional handikoak
ere izan ohi dira, eta erreferentzia kulturalak
izaten dituzte. Horregatik, garrantzitsua da
itzulpenek gaztelaniako txioen estiloa man-
tentzea.
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Hemen duzu itzuli beharreko erreakzio tx-
ioen zerrenda. Erreakzio-txio bakoitzaren aur-
retik hasierako txioa ageri da testuinguru gisa
erabiltzeko. Itzuli erreakzio txioa bakarrik.
Itzulpenak bakarrik erakutsi.

• Prompt 2: (Promt 1 + examples)

Hona hemen erreakzio txioen adibideak:

– Buah zelako temazoa txo
– pelikula bateko gidoia izan liteke baina

esukal herriko jaixetan danetarik gerta
liteke, aupa gaztediiiiii!!

– Pitxartxarreraz dakidan apurraren
arabera, "Ospa hemendik, zomorroide,
txitatzen ari gaituk eta!”

– Tibet? etxe ondoan bertan! ai eneeeeeee!
ez joan hain urrun ...

– Ez da Simón edo Agirrezabala. . . baia
hau be ez da atezain txarra gero!
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Abstract
Automatic detection of toxic language has the
potential to considerably improve engagement
with online spaces. Previous work has charac-
terized toxic language detection as a classifica-
tion problem, often using fine-grained classes
for increased explainability. In this position
paper, we argue for a new way of operationaliz-
ing categories of toxic language. Our approach
focuses on what is expressed or implied, and
breaks down implications based on two traits:
(i) the core content of what was expressed, and
(ii) relevant stakeholders’ attitudes towards that
content. We argue for an approach, which we
call toxic reasoning, where such distinctions
are made explicit. We point out the benefits
of such an approach, and develop a toxic rea-
soning schema, which can explain categories
of toxic language from diverse sources. We
demonstrate this by mapping the classes of ex-
isting toxic language datasets to the schema.
Toxic reasoning promises to provide improved
understanding of implicit toxicity while increas-
ing explainability.

Warning: contains examples of toxic language.

1 Introduction

Language that communicates hateful, derogatory,
or offensive ideas (hereafter, toxic language) is
generally undesirable, and needs to be detected and
addressed to improve online spaces. Some toxicity
is expressed explicitly, making it easier to iden-
tify. More challenging is toxicity that is conveyed
implicitly. What counts as an instance of implicit
toxicity can be subjective, for example, because
different people can read the same text as implying
different things. Additionally, some implications
intended by the author might only be obvious with
the appropriate context. Cultural, situational and
discourse context may all be necessary to properly
identify the plausible toxic implications of a text.

Widespread use of social media has greatly in-
creased the need for automating the detection of

toxic language. Such language can harm individu-
als and communities, perpetuate stereotypes, and
incite violence. Detecting and limiting such lan-
guage is crucial to the usability and inclusivity of
online spaces. A critical aspect of toxic language
detection is explainability. With machine learn-
ing systems’ involvement in content moderation,
understanding their decisions is of great impor-
tance. Explainability not only helps to improve
trust and transparency but also ensures that these
systems can be audited and improved. Without ex-
planations, both users and moderators may find it
challenging to understand why content is flagged,
possibly leading to misjudgments and lack of ac-
countability (Nguyen et al., 2023).

In this position paper, we analyze current popular
approaches to explainable toxic language detection,
identifying aspects that can be improved. To ad-
dress these concerns, we propose toxic reasoning,
which requires giving the reasons why text is toxic.
We argue that categories of toxic language should
be defined in terms of what is being communicated,
and create a toxic reasoning schema to help opera-
tionalize this task. This schema includes two main
traits: (i) the core content of what is implied, and
(ii) the attitudes of relevant stakeholders towards
that content. For example, a statement such as “all
jews should be evicted from white countries”1 can
be broken down into (i) a proposition ‘all jews are
evicted from white countries’, and (ii) the author’s
preference (or desire) towards this proposition. We
believe that, through the toxic reasoning schema,
we can explain most toxic narratives by charac-
terizing what is conveyed, while still allowing a
mapping to existing categories of toxic language.

The remainder of the paper is organized as fol-
lows. In Section 2, we give a brief overview of the
toxic language detection task. This is followed by
an analysis of the definitions used for categories of

1Taken from Implicit Hate Corpus (ElSherief et al., 2021).
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toxic language in the literature, in Section 3. Sec-
tion 4 investigates the use of toxic spans, and iden-
tifies difficulties that arise when spans are used for
implicit toxic language. Then, in Section 5, we give
a detailed description of toxic reasoning and our
schema, explaining how they overcome the limita-
tions identified in the previous two sections. Next,
we explain how existing toxic language categories
can be explained by our schema, by providing a
mapping between the two (Section 6).

2 Toxic language detection

Much work has been done on the detection of
toxic language. We use the term toxic language
as a broad umbrella term that includes hate speech
(Jahan and Oussalah, 2023; Fortuna and Nunes,
2018), abusive language (Alrashidi et al., 2022;
Vidgen and Derczynski, 2020), and offensive lan-
guage (Pradhan et al., 2020). State-of-the-art re-
sults on toxic language detection tasks are usually
achieved by fine-tuning language models on anno-
tated datasets. A common distinction differenti-
ates between explicit and implicit toxic language
(Waseem et al., 2017): “explicit abusive language
is that which is unambiguous in its potential to be
abusive, for example language that contains racial
or homophobic slurs”, whereas “implicit abusive
language is that which does not immediately imply
or denote abuse”.

Much effort has gone into making the detection
of toxic language explainable. Explainability has
so far mostly come in two forms. First, the inclu-
sion of fine-grained annotation and classification
schemes, which aim to better specify the exact na-
ture of the toxicity. Multiple datasets have been an-
notated according to such (multi-level) taxonomies
of toxic language (e.g. Vidgen et al., 2021; ElSh-
erief et al., 2021; Kirk et al., 2023). And second,
the inclusion of toxic spans (or rationales), which
aim to highlight which part of the message is re-
sponsible for its toxicity (Pavlopoulos et al., 2021;
Mathew et al., 2021).

3 How to define toxic language?

Annotation and classification schemes, whether
coarse-grained or fine-grained, include many kinds
of definitions for their categories of toxic language.
Definitions are important, because implicitly or
explicitly they make their way to the annotation
of data (e.g. in the annotator guidelines). Then,
when machine learning is used, there is an implicit

expectation for the algorithm to recover whatever
decision criteria were used by the annotators.

Previous work has already analyzed definitions
used for toxic language (Fortuna et al., 2020; Khu-
rana et al., 2022). These studies explored what
aspects are and should be involved in the defini-
tions of toxic language categories. Our analysis
builds on their insights.

3.1 Borrowing definitions

Some definitions compare or contrast to other de-
scriptors of (toxic) language. For example, Basile
et al. (2019) mention “... HS [Hate Speech] against
immigrants may include: 1. insults, threats, deni-
grating or hateful expressions ...”, clarifying what
is meant by hate speech to those who already have
some understanding of the related terms.

Concern 1 (Dependency). Appealing to other de-
scriptive terms benefits explainability only to a lim-
ited extent, because the category becomes depen-
dent on them. And, the other terms may themselves
have multiple valid definitions. This may also lead
to increased subjectivity in annotations, as different
annotators may understand those terms differently.

3.2 Defining factors

We observe that many definitions, given a poten-
tially toxic message, tend to focus on one or more
of the following factors:

• CAUSE – What caused the author to write the
message? – Commonly, the author’s intent, with
a malicious intent often being required for toxic
messages. Other causes might include uncon-
scious biases, lapses in judgment, or ignorance.

• EFFECT – What are the effects of the message? –
These can include harmful effects on the reader
or on groups that are targeted by the message.

• FORM – What (kinds of) words are used in the
message? – The presence of profanity, like slurs.

• MEANING – What is conveyed by the message? –
Anything plainly asserted, implied or otherwise
insinuated by a message.

To understand the way these factors are used, we
will review some example definitions.

One of the ways a message is considered hate
speech under the definition given by Waseem and
Hovy (2016), is if it ‘seeks to silence a minority’.
In this definition, the author’s reason for writing
the toxic message is the deciding factor. In this
case, the author would have the goal of silencing
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minorities, and that goal can be identified as what
caused the author to be toxic (CAUSE).

The Perspective API2 defines its ‘toxicity’ and
‘severe toxicity’ categories by requiring that a mes-
sage is (very) “likely to make people leave a dis-
cussion”. Thus, it defines the category based on
an effect (EFFECT) of the toxicity. The ‘profanity’
category, on the other hand, applies when toxicity
is conveyed using swear or curse words (FORM).
Finally, the ‘threat’ category requires that the toxic
utterance “describes an intention to inflict pain, in-
jury, or violence”. Thus, to qualify, the message
must express something like: “I intend to harm
person X”. As such, the ‘threat’ category specifies
what the message must convey (MEANING).

3.3 Cause and Effect

Fortuna et al. (2020) had the following to say about
CAUSE and EFFECT: “‘abusive’ has been defined
based on the speakers’ intention to harm, which
cannot always be determined by just looking at
the content. Furthermore, definitions also make
assumptions on the effect of the messages on the
reader, which, obviously, depends entirely on the
personality of the reader.” We agree there are rea-
sons to be skeptical about definitions that are based
on CAUSE and EFFECT. Specifically, we present a
number of concerns focusing on why CAUSE and
EFFECT are harder to operationalize.

If a category only applies when it has (or is likely
to have) specific effects, the classifier needs to infer
such effects, which requires world modeling. To
decide if a message is “likely to make people leave
a discussion”, we need to have a world model that
includes a ‘reader’. And, this world model should
be expressive enough to predict what effect reading
the message will have on them. Deciding if the
author of a message ‘seeks to silence a minority’ is
even more challenging. For this, we need a world
model that includes the author’s model of the world.
The classifier needs some kind of theory of mind
(or at least it needs to behave like it has one).

Concern 2 (Feasibility). World modeling and the-
ory of mind are both advanced capabilities, and it
is still a matter of debate whether even the most
capable Large Language Models (LLMs) possess
these capabilities to a significant degree (Ding et al.,
2025; Yildirim and Paul, 2024). Thus, it is unclear

2The Perspective API hosts machine-learned models to
detect toxic language. It was created by Jigsaw and Google’s
Counter Abuse Technology team. See perspectiveapi.com.

whether expecting classifiers to infer CAUSE and
EFFECT is feasible.

Although, perhaps what is really meant are per-
ceived intents (or causes), and representative ef-
fects. Maybe models are only expected to remem-
ber statistical patterns of which types of messages
are associated with which causes or effects (and
corresponding toxic categories), rather than truly
reasoning about these matters.

Concern 3 (Failure to explain). Assume we have
a language model fine-tuned to detect categories
which are based on (perceived) CAUSE and (rep-
resentative) EFFECT. The goal of introducing the
fine-grained categories was to improve explainabil-
ity. But, this model still fails to be truly explainable,
since we still cannot account for why the classifier
inferred the prerequisite CAUSE or EFFECT. What
has been inferred and why? What statistical pattern
is being exploited?

Finally, one more reason for concern arises when
focusing on causes or effects.

Concern 4 (Increased Subjectivity). Generally, the
only way for a message to have an effect on a reader,
is through either the form or (perceived) meaning.
Because of that, inferring the intent of the author
often requires first inferring the (possible) mean-
ing(s) of the message. Therefore, any subjectivity
in the inference of cause and effect is in addition to
subjectivity inherent in the inference of meaning.

4 Which spans are toxic?

Toxic spans detection (Pavlopoulos et al., 2021) or
rationale extraction (Mathew et al., 2021) is a task
where a model is trained to identify which parts
of a message are responsible for its toxicity. By
pointing moderators towards the relevant part of a
message, their work can be made both easier and
faster. For explicit toxicity, the identification of
spans is generally quite straightforward, but things
become more difficult the more implicit the toxic-
ity is. To see this, we look at some examples from
Pavlopoulos et al. (2021), with the toxic spans be-
ing underlined:

Youre an idiotidiotidiotidiotidiotidiotidiotidiotidiotidiotidiotidiotidiotidiotidiotidiotidiot.

The offensive word ‘idiot’ is marked, which corre-
sponds to what was asked of annotators, namely to
mark spans that are responsible the toxicity. How-
ever, in other examples this is not so clear.
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you are a paid liberal hack of stupiditystupiditystupiditystupiditystupiditystupiditystupiditystupiditystupiditystupiditystupiditystupiditystupiditystupiditystupiditystupiditystupidity shore
living the liberal lie every day

Say the marked span was removed, would calling
someone a ‘paid liberal hack’ not still be sufficient
to say the comment is toxic? The following exam-
ple was annotated with no spans, indicating that
the entire message is toxic.

Fits the despicable piece of trash like a glove.Fits the despicable piece of trash like a glove.Fits the despicable piece of trash like a glove.Fits the despicable piece of trash like a glove.Fits the despicable piece of trash like a glove.Fits the despicable piece of trash like a glove.Fits the despicable piece of trash like a glove.Fits the despicable piece of trash like a glove.Fits the despicable piece of trash like a glove.Fits the despicable piece of trash like a glove.Fits the despicable piece of trash like a glove.Fits the despicable piece of trash like a glove.Fits the despicable piece of trash like a glove.Fits the despicable piece of trash like a glove.Fits the despicable piece of trash like a glove.Fits the despicable piece of trash like a glove.Fits the despicable piece of trash like a glove.

But, if ‘the despicable piece of trash’ was replaced
by ‘him’, the post no longer seems toxic. So should
the toxic span not be limited to that description?

The reason why this task is difficult, is because
of the different ways a message can be toxic, and
how that relates to the responsibility of any par-
ticular span. Some toxicity derives just from the
use of a particular word (we refer to this as form).
If the claims, implications or insinuations being
made are innocent, but the choice of words with
which they are conveyed are not, then those words
alone are responsible for the toxicity. Other tox-
icity is conveyed without bad words, but still ‘in
plain sight’. For example, an assertion made in a
simple declarative sentence, like the sentence “all
jews should be evicted from white countries” from
the introduction (we refer to this as standing mean-
ing). For those cases, generally the entire sentence
is responsible for the toxicity. Almost any indi-
vidual word could change what is being asserted
into something non-toxic. And finally, for the hard-
est cases, the toxicity of statements can depend on
conversational context, as seen here in an example
from Yu et al. (2022):

User 1: That chick needs a high-five in the face
with a chair. Damn her for making us look bad!
User 2: A brick is more effective.

Here the toxicity of the second user can only be
understood when read as it was originally written,
as a reply to the first message (making it an instance
of utterance meaning). Without the first message’s
claim that “That chick needs ... in the face” in the
first message, it is unclear what the brick is more
effective for. So are both messages part of a single
toxic span? What if User 1’s message had not been
toxic, for example:

User 1 (new): Haha, that kind of grin just calls
for a pie to the face ;-)
User 2: A brick is more effective.

The dependency on User 1’s message is still there,
but now the toxicity is added by User 2.

Concern 5 (Vague spans). Spans that only indicate
if tokens bear any kind of responsibility towards
the toxicity are too vague to be useful for context-
dependent and implicit toxic language.

5 Toxic Reasoning

We define toxic reasoning as toxic language de-
tection that further requires making explicit the
reasons for why something should be considered
toxic. The reasons that are given should relate to
the conditions under which a category is supposed
to apply as specified in its definition. So if a defi-
nition only applies if the author intended to harm
someone, toxic reasoning would require specifying
who is harmed and how. This provides a level of
explainability beyond fine-grained categories.

5.1 Approach
Because of concerns 1 through 4 that were raised in
Section 3, our approach focuses on characterizing
toxicity in terms of what is conveyed. Summariz-
ing, we cite the following benefits:

1. Avoids categories of language being defined
while appealing to other categories of language.

2. Avoids the hard problems of world modeling,
and theory of mind whenever possible.

3. More explainable, since models are not made
to learn statistical patterns about what types of
messages have toxic causes or effects.

4. Less subjective, since it avoids the subjectivity
in determining what causes led up to, or effects
are downstream from, a message that conveys a
given implication.

5. More meaningful span annotations that refer to
specific aspects of what is conveyed.

We focus on the creation of a toxic reasoning
schema, intended primarily to cover implicit tox-
icity, since that is where progress is needed the
most (Ocampo et al., 2023). Like ElSherief et al.
(2021), who annotate a dataset with toxic implica-
tions, our schema also considers the implications
of a message. We deviate in the way the implica-
tions are characterized. ElSherief et al. annotate
fine-grained categories, and then add free-text de-
scriptions of the implications. We advocate for first
identifying what implication(s) are present in a (po-
tentially) toxic message, then characterizing those
implications using (categories defined in terms of)
our toxic reasoning schema.

Looking at the implicit hate speech categories
defined by ElSherief et al. (2021), we notice that
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Polarity

Figure 1: Application of our Toxic Reasoning Schema, showing how six examples would be characterized. The full
text and source for all examples can be found in Appendix B.

many categories are already defined in terms of
what is conveyed. We consider two main aspects
of what is implied: (1) a proposition predicating
something of a subject, and (2) the author (im-
plicitly) reporting an attitude (of belief, desire, or
intent) towards this proposition. The second aspect
is most relevant when contrasted to the attitude we
expect either the general public or experts3 to have
toward that same proposition. Given this observa-
tion, we hypothesize that toxic reasoning should be
approached by including propositional content and
attitudes in the schema independently.

5.2 Toxic Reasoning Schema
Here we describe the traits that make up our toxic
reasoning schema. In Figure 1, we give examples
that cover all the traits of our schema. In Section 6,
we show how the schema maps onto existing cate-
gories of toxic language, which also motivates why
each trait was included.

The schema’s first trait categorizes what is at
the core of a message’s implication: the message
content characterizes the proposition that is central
to what the text is conveying. We identify three
high-level categories of content.

• Situation(subject):
a situation (e.g. environment, circumstance, con-
dition, etc.) applies to the subject.
3By expert, we mean a person with the expertise to assess

the truth of the relevant proposition.

• Quality(subject):
the subject possesses a given inherent quality,
or has a certain nature.

• Behavior(subject):
the subject behaves in a particular way.

All can occur with a Negative or a Positive polar-
ity. Situation includes statements where a subject
is affected by something external. For example, the
text from the introduction that mentions the evic-
tion of a group of people would be a NegativeSi-
tuation. The second category covers a subject’s
inherent qualities or nature. NegativeQuality state-
ments could include those describing the subject as
‘sub-human’ or ‘vermin’, whereas a PositiveQual-
ity might mention intelligence. Finally, the third
category is about a subject’s behavior, Negative
could be stealing, conspiring, or terrorism, whereas
Positive could include inventing.

Each of the categories can also apply in a com-
parative manner. When the statement does not
make an absolute statement about the subject, but
rather a relative one, where the Situation, Qual-
ity, or Behavior of the subject is compared (posi-
tively or negatively) to the other. We denote this
using a two-place predicate, like NegativeSitua-
tion(subject, other).

The subject (and the other) can be individ-
uals, or groups. We differentiate between three
degrees of specificity. If the toxicity is entirely
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personal, then no group is mentioned, described
or implied at all. Alternatively, the toxicity can
be aimed at a group-member, where a person is
attacked because of the affiliation or relation to a
group. And finally, toxicity can be directed at a
group as a whole (group-whole) without targeting
any particular person. This trait captures what pre-
vious work calls either directed or generalized hate
(Waseem et al., 2017). For our schema, a value of
group-member indicates that the toxicity is both
directed and generalized.

When the specificity of the subject or other
involve a group, we also include a group type trait
for the subject and other. Toxicity can be speci-
fied as targeting based on a specific characteristic,
like race, nationality, religion, etc. Or, it might be
more specifically targeting an instance of that char-
acteristic, like how in the sexism-focused EDOS
dataset (Kirk et al., 2023) all categories are defined
as being directed at gender:women.

The subject and other (if present) fulfill roles
with respect to the conversation. These are covered
by the subject role and other role traits. For this
trait, the possible values indicate that the subject
(or other) of the implication is: the author, indicat-
ing that the author is talking about (or comparing
to) themselves or their in-group (the group the au-
thor belongs to); an interlocutor, indicating that the
author is talking about (or comparing to) another
participant in the conversation or a group they be-
long to; or, outside, meaning the author is talking
about (or comparing to) a person or group outside
the conversation.

The next trait is the temporality which specifies
the point in time that the implication is meant to
apply: the past, present or future.

While we focus on the implications of a message,
we recognize that implications can arise from dif-
ferent aspects of a message. Thus, we include the
inferential origin, which distinguishes between
form, standing meaning, and utterance meaning.
In Figure 1, asking someone to “stop being such
a little bitch”4 is taken to imply something nega-
tive about women. The message uses a gendered
term in a way that implies someone is being scared,
timid, or cowardly. By using this term to have that
meaning, it implies that women (are more likely
to) possess this quality of timidity or cowardice.
In this case, the inferential origin is the form of
the message, rather than its meaning, since the au-

4Taken from Kirk et al. (2023).

thor may not have meant to imply this, but did so
anyway through their choice of words.

Finally, our schema includes the following stake-
holder attitudes, which describe the attitudes that
relevant stakeholders have towards the implication:
(i) author-belief, does the author believe the impli-
cation? (ii) author-desire, does the author desire or
prefer the implication to be true? (iii) author-intent,
does the author represent themselves as committed
to or accountable for the truth of the implication?
For example, when bragging about a past event, or
when expressing an intent to make a future event
happen. (iv) typical-belief, would a typical person
believe the implication? (v) typical-desire, would
a typical person desire or prefer the implication to
be true? (vi) expert-belief, would an expert believe
the implication? Note that what matters here are
the attitudes as inferred based on the message and
its context, which are not necessarily the actual
attitudes held by the stakeholder.

We also considered including the subject group
as a stakeholder. However, we are not aware of any
categories of toxic language for which the attitude
held by the subject group toward the implication
determines whether the category applies or not.
Therefore, we do not include subject attitudes here.

5.3 Benefits

Better spans. We envision the schema being
used in combination with span detection. Rather
than identifying spans that bear any kind of respon-
sibility for the toxicity, we envision spans being
related to specific traits of our schema. Specifically,
different spans can be used to mark different traits
in the schema. This includes spans corresponding
to the subject of the implication, similar to previ-
ous work annotating spans for targets (Barbarestani
et al., 2022; Jafari et al., 2024). Returning to the
example from Section 4:

User 1: That chick needs a high-five in the face
with a chair. Damn her for making us look bad!

The following span annotations could be provided.
For content and polarity ‘high-five in the face with
a chair’ indicate a NegativeSituation. And, for
the subject ‘That chick’ indicates a subject role
of outside, a specificity of group-member, and a
subject group of gender:woman. The explanatory
value of spans is improved by highlighting specific
aspects of toxic implications.
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Better insight. Categories of toxic language usu-
ally have multiple conditions. When an annotator
or model judges some text to contain a specific kind
of toxic language, they implicitly assert that a set of
conditions apply which are sufficient to reach that
conclusion. In our schema, these conditions are
made explicit, allowing for better insight into mod-
els. For example, if a model tends to confuse two
classes, we can identify which of the underlying
traits are at the root of the problem.

Controlled subjectivity. Röttger et al. (2022) de-
scribe two contrasting paradigms for data annota-
tion. The descriptive paradigm encourages anno-
tator subjectivity, while the prescriptive paradigm
discourages it. Our viewpoint is that what is useful,
is trying to ‘prescribe away’ the subjectivity that
arises from disagreement on the (definitions of) cat-
egories themselves. What is much more difficult to
prescribe than definitions, are world views or be-
lief systems. Some subjectivity is dependent on an
annotator’s understanding of the world rather than
anything directly related to the annotation. These
kinds of subjectivity are generally not (practically)
reducible, but the schema does provide us with new
options. For example, asking annotators what they
think an expert would believe about a given im-
plication, is essentially asking them to give their
best-faith impression of what is true (descriptive).
Alternatively, one could ask actual experts if they
believe certain implications are correct (prescrip-
tive). So in this way, the toxic reasoning schema
can facilitate both paradigms.

5.4 Counterarguments

The schema is too complex to annotate. We do
not advocate for the community to annotate all of
its datasets according to this schema directly. An-
notations for the whole schema on a broad dataset
will be necessary for validation (to ensure that there
are no significant forms of toxicity that the schema
cannot capture, for example). And for that reason,
we intend to publish such a dataset in the future.

What we advocate the community do differently,
is to ensure its dataset category definitions map
onto the schema, and that annotators for those
datasets adhere to those definitions. The latter can
be ensured, for example, by asking (a subset of) an-
notators validation questions, such as “You chose
‘threat’, this means author intends to harm an indi-
vidual or group, is that correct?”. This will ensure
the schema is adhered to, without making every

annotation campaign considerably more complex
and labor intensive. Different datasets will have
categories defined based on different conditions.
For example, EDOS (Kirk et al., 2023) also has a
threat category, but because it is defined there as a
subcategory of sexism, rather than toxic language
in general, the validation question would include
the additional constraint on the group type trait:
“You chose ‘threat’, this means author intends to
harm a woman or group of women, is that correct?”

Not all toxicity is reducible to what is conveyed.
We acknowledge that such categories of toxic lan-
guage exist. Certainly, the most explicit forms of
toxic language (e.g. slurs or swear words) while
perhaps theoretically reducible to propositional
content, are most easily categorized directly by
whether those kinds of words are indeed used in a
message. And, insofar as causes and consequences
are necessary to define categories, we advocate for
an approach where part of the reasoning work is
essentially ‘front-loaded’. This approach would
require first identifying what kinds of implications
tend to be present in messages that are produced
by authors with malicious intents, and similarly
for consequences. This would still be better than
leaving this process up to the classifier, as any such
patterns it identifies will likely remain unknown.
Uncovering the patterns explicitly and arguing for
why it is acceptable to use them allows for a far
greater degree of transparency.

6 Mapping categories to the schema

To demonstrate how the schema captures common
categories used in existing datasets, we create a
mapping to the classes of the IHC (ElSherief et al.,
2021). This is not intended to be a definitive map-
ping, and ideally mappings are created by the au-
thors of taxonomy or classification scheme as they
are developed. The constructed mapping can be
found in Table 1. Throughout, when we say that a
stakeholder should (not) believe, desire, or intend
for the proposition to be true, this is reflected in the
mapping by including a constraint on the relevant
attitude in the mapping. An additional mapping, to
the EDOS categories can be found in Appendix A.

In the mappings, the content category and polar-
ity are presented as predicates (e.g. NegativeSitua-
tion). When there is only a subject, the predicate
has one argument. If there is also an other, the
predicate has two arguments.
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Threat Incitement Griev.
Inferiority Misinfo.

* Dehuman.
* Flaunt. * Tox. * Stereotype

C
on

te
nt

Something(target) · · · · · · · ✓ ✓
SomethingNegative(·) · · · · · · · · ·

NegativeSituation(·) · · · · · · · · ·
Harmed(target) ✓ ✓ · · · · · · ·
Harmed(in_group) · · · ✓ · · · · ·

NegativeQuality(·) · · · · · · · · ·
NotHuman(target) · · · · · ✓ · · ·

Vermin(target) · · · · · · ✓ · ·
Inferior(target, in_group) · · · · ✓ · · · ·

SomethingPositive(·) · · · · · · · · ·
PositiveQuality(·) · · · · · · · · ·

Power(in_group) · · ✓ · · · · · ·
Unity(in_group) · · ✓ · · · · · ·

Superior(in_group, target) · · · · ✓ · · · ·
temporality future future · · · · · · ·
specificity · · grp-* grp-* grp-* grp-* grp-* · grp-*

A
tti

tu
de

s

author_belief + · + + + + + + ·
author_desire · + · − · · · · ·
author_intent + − · − · · · · ·
typical_belief · · · − · · · · ·
typical_desire · · · − · · · · ·
expert_belief · · + − · · · − −
stereotype · · · · · · · · +

Table 1: Mapping to our toxic-reasoning schema, with each column representing an IHC (sub-)class, it contains:
(1) a check mark for the content (rows) that could be responsible for that class; (2) the values for the temporality,
specificity that are required by that class (or ‘·’ for no requirements); and (3) constraints on the attitudinal attributes
for that class (with ‘+’ indicating the attitude is necessary, ‘−’ indicating the attitude is prohibited, and ‘·’ indicating
no constraints). The value grp-* is an abbreviation, short for either group-member or group-whole.

Threat/Intimidation. This class includes texts
that “convey a speaker commitment to a target’s
pain, injury, damage, loss, or violation of rights”
(ElSherief et al., 2021). It specifically also includes
non-violent threats about the “implicit violation of
rights and freedoms, removal of opportunities, and
more subtle forms of intimidation”. Inherent in
a threat (as defined here) is a future-oriented ap-
plication of a NegativeSituation. Furthermore, the
author should: believe what they are threatening
(not an idle threat); and, seem personally commit-
ted to (intend to carry out) the threat. In short,
the author believes, an intends for the target to be
subjected to a negative situation.

(White) Grievance. When a majority group
presents themselves as either the real victims (or
presents a minority group as actually having priv-
ilege) this is classified as (White) Grievance. For
this category the author implies that a NegativeSitu-
ation applies to their in-group. Additionally, the au-
thor must not prefer that the implication is true (not
self-hating). To qualify as hateful the grievance
must also not have any legitimacy, in other words:
a typical person must not believe or prefer for it to

be true; and experts should not believe the implica-
tion either.

Inferiority. This category maps on to our schema
fairly straightforwardly. Inferiority language in-
cludes both: 1) comparisons of two groups,
which we model by including Inferior(subject,
other) as the two-place (relative) version of Some-
thingNegative(subject); or 2) by implying that a
target group either lacks a PositiveQuality or pos-
sesses a NegativeQuality. Regarding 2), ElSherief
et al. (2021) specifically mention dehumanization
and toxification. These two can be modeled by
including NotHuman and Vermin as subcategories
of NegativeQuality.

Incitement to Violence. The definition given by
ElSherief et al. (2021) for incitement is: “flaunting
in-group unity and power or elevating known hate
groups and ideologies”. We model this by introduc-
ing Power and Unity as properties as specific kinds
of PositiveQuality, which are asserted about the au-
thor’s in-group. The author must believe what they
are saying, and also find it desirable (they do not
regret their in-groups’s power and unity). Experts
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should also believe that the author’s in-group has
power and/or unity, or it would not be flaunting.

Going beyond the definition given by ElSherief
et al. (2021), we also include under incitement any
cases that would have been classified as ‘Threat/In-
timidation’, except for a lack of author intent. Take
the example from the introduction: “all jews are
evicted from white countries”. The author of that
message is talking about what should happen, and
it is not obvious that this person is in a position
to enact or enable any eviction of Jewish people,
making any intentions unlikely. But they are still
clearly expressing a desire for eviction, thus rea-
sonably making it an instance of incitement.

Stereotypes & Misinformation. This category
is arguably the broadest category in the IHC. In our
schema, misinformation comes down to the author
stating something (anything) of a subject that an
expert would disagree with. Thus, we model it by
including a Something category, which unifies all
other content categories, and by requiring a lack of
expert belief.

Stereotypes are a specific kind of misinforma-
tion where some (often negative) characteristics
are associated with a group. We model this by
introducing an additional attitude for it, thereby
characterizing stereotypes as propositions towards
which society has a specific kind of attitude.

7 Conclusion

We have proposed toxic reasoning, and our toxic
reasoning schema, which separates a message’s
main propositional content from the attitudes to-
wards those propositions. After identifying the
difficulties associated with defining (categories of)
toxicity based on causes and effects, we have de-
fended our choice of focusing on what is conveyed
by messages instead.

We have argued that toxic reasoning improves
explainability by: (1) enabling explanations that
appeal to the conditions on which the predictions
are based; and (2) allowing for span annotations
that focus on specific aspects of what is implied.

To demonstrate how our toxic reasoning schema
is used to ground toxic categories in toxic implica-
tions, we have presented a mapping to the IHC and
to EDOS. We foresee mappings to our toxic rea-
soning schema being made for many taxonomies
focusing on various kinds of toxic language. We
expect that the schema will be useful for rigorously
defining categories of toxic language.

In future work, we hope to see datasets anno-
tations that make use of the schema for increased
consistency, and decreased subjectivity. With such
annotated data, we can also hope for the creation of
better, more robust toxic language detection mod-
els. Models could potentially be trained to predict
the traits of the schema directly, using the mappings
to produce predictions for existing taxonomies. If
datasets were to be annotated for (parts of) the
schema, the traits could also be used as an auxil-
iary objective during training, or as probing data to
uncover if models struggle to represent any traits.

8 Limitations

By focusing on what a message conveys, we do
not necessarily avoid the problematic aspects of
CAUSE and EFFECT.

There are categories where even if we define
it in terms of what is being implied, we still run
into causes or effects. Take for example, the case
of ‘mansplaining’, which is known in EDOS as

“Animosity – 3.4 Condescending explanations or un-
welcome advice”. We argue that at the core of
this type of toxicity lies an implication that women
are ignorant, unintelligent, or otherwise in need of
having things explained to them. However, crucial
to the category is the fact that this is not asserted
directly. Instead, the sexist implication originates
from the (perceived) motivation behind the expla-
nation. The inferential origin is the CAUSE of the
toxicity. This is why in Section 5.1 we say “avoids
the hard problems of world modeling, and theory of
mind whenever possible.” Sometimes, categories
appeal to causes or effects by definition.
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A EDOS Mapping

The mapping to the classes of EDOS can be found
in Table 2.

B Full examples from Figure 1

Each of the examples in Figure 1, by number.

1. “globalization = white genocide. usa next on the
list! never in america. keep your guns!”

Source: IHC
Line nr.: 2,250

2. “I’ll hire a man for this job”

Source: Created for illustrative purposes.

3. “agreed. the white race has built and invented
every aspect of modern civilisation.”

Source: IHC
Line nr.: 3,932

4. “you just kill people and mosquitoes during your
marchs”

Source: IHC
Line nr.: 18,412

5. “you Japanese are just smarter”

Source: Created for illustrative purposes.

6. “Stop being such a little bitch”

Source: EDOS (Kirk et al., 2023) – Table 1
Identifier: ‘sexism2022_english-13065’
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‘Threats, [..] ‘Derogation’ ‘Animosity’ ‘Prejudiced
and Incitement’ Discussion’

1.1 1.2 2.1 2.2 2.3 3.1 3.2 3.3 3.4 4.1 4.2

Im
pl

ic
at

io
ns

Something(·) · · · · · · · · · · ·
SomethingNegative(target) · · · · · ✓ · · · · ·

NegativeSituation(·) · · · · · · · · · · ·
Harmed(target) ✓ ✓ · · · · · · · · ·
Mistreatment(target) · · · · · · · · · ✓ ·
SystemicDiscrimination(target) · · · · · · · · · · ✓

NegativeQuality(target) · · ✓ · · · · ✓ ✓ · ·
NotHuman(target) · · · · ✓ · · · · · ·
SexualObject(target) · · · · ✓ · · · · · ·

NegativeBehavior(target) · · ✓ · · · · · · · ·
AuthorDislike(target) · · · ✓ · · · · · · ·
Inferior(target, other) · · · · · · ✓ · · · ·

temporality future future · · · · · · · · ·
specificity · · grp-* grp-* grp-* grp-w grp-* grp-* grp-* grp-* grp-w
origin *-mn *-mn *-mn · *-mn form *-mn u-mn cause *-mn *-mn

A
tti

tu
de

s

author_belief + · + + + − + · · · ·
author_desire · + · · · · · · · + +
author_intent + − · · · · · · · · ·
typical_belief · · · · · · · · · · ·
typical_desire · · · · · · · · · · ·
expert_belief · · − · · · − · · · ·
stereotype · · · · · · + · · · ·

Table 2: Mapping to our toxic-reasoning schema for EDOS. Each column represents an EDOS (sub-)class, it
contains: (1) check marks for the implications that could be involved in a sample of that class; (2) the values for
the temporality, specificity that are required by that class (or ‘·’ for no requirements); and (3) constraints on the
possible values for the attitudinal attributes for that class (with ‘+’ indicating the attitude is necessary, ‘−’ indicating
the attitude is prohibited, and ‘·’ indicating no constraints). For EDOS, the group type for all classes would be
constrained to gender:women. The values grp-*, grp-w, *-mn, and u-mn are abbreviations, with: grp-w being short
for group-whole, grp-* allowing for either group-member or group-whole; u-mn standing for utterance-meaning;
and *-mn allowing for either utterance-meaning or standing meaning.
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Abstract

Use cases of sentiment analysis in the human-
ities often require contextualized, continuous
scores. Concept Vector Projections (CVP) offer
a recent solution: by modeling sentiment as a
direction in embedding space, they produce con-
tinuous, multilingual scores that align closely
with human judgments. Yet the method’s porta-
bility across domains and underlying assump-
tions remain underexplored. We evaluate CVP
across genres, historical periods, languages, and
affective dimensions, finding that concept vec-
tors trained on one corpus transfer well to oth-
ers with minimal performance loss. To under-
stand the patterns of generalization, we further
examine the linearity assumption underlying
CVP. Our findings suggest that while CVP is a
portable approach that effectively captures gen-
eralizable patterns, its linearity assumption is
approximate, pointing to potential for further de-
velopment. Code available at: github.com/lau-
ritswl/representation-transfer

1 Introduction and Related Works

Sentiment Analysis approaches to data in the Hu-
manities often need continuous sentiment scores
to develop meaningful models of texts, for tasks
such as tracing the “sentiment arc” of a story (Jock-
ers, 2014; Reagan et al., 2016; Zehe et al., 2016;
Bizzoni et al., 2023), gauging sentiment fluctua-
tions in news (Daudert, 2021) or modeling changes
in online discourse (Xie and He, 2025), but ex-
isting tools struggle to capture the necessary nu-
ances effectively. Many dictionary-based methods
are continuous, but struggle with extended context,
whereas Transformer models produce binary or tri-
nary outputs that only approximate continuous sen-
timents through post-hoc adjustments (Bizzoni and
Feldkamp, 2023; Lyngbaek et al., 2025).

A recent alternative (Lyngbaek et al., 2025) uses
a projection-based method in a homogeneous se-
mantic space to generate continuous sentiment

scores that align with human judgments and match
or surpass Transformer-based methods on literary
data, while producing smoother distributions. This
approach, called Concept Vector Projection (CVP),
rests on the “linear representation hypothesis” (Park
et al., 2024): the idea that semantic concepts, such
as sentiments, can be represented linearly in em-
bedding space (Wehner et al., 2025; Vu and Parker,
2016; Li et al., 2021; Zhao et al., 2024). Under
this idea, a given semantic concept corresponds to
a direction in the embedding space, so that moving
further along this direction increases its intensity
(see Figure 1).

While studies have validated this idea at various
levels of abstraction (Lyngbaek et al., 2025; Wehner
et al., 2025; Vu and Parker, 2016; Li et al., 2021;
Zhao et al., 2024), its portability across different
data domains and semantic dimensions remains un-
derexplored. Literary texts, blogs, newspapers, and
social media differ in style and affective expression
(Feldkamp et al., 2024; Vishnubhotla et al., 2024),¹
and language or period differences can complicate
the transfer. The general trend in sentiment analysis
has been to assume non-portability and train or fine-
tune specialized models for specific domains, lan-
guages and historical variants (Allaith et al., 2023;
Schmidt and Burghardt, 2018) – models that are
then difficult to adapt for other use cases.

In this work, we test the CVP’s portability across
three datasets, spanning genres (social media to let-
ters), periods (1798-2013), and languages (English
and Danish). After presenting the Data (section 2)
and Methods (section 3), we test the CVP through
several cross-dataset experiments (subsection 4.1)
to assess whether the resulting scores retain their
alignment with human judgments. We also explore

¹How much domains differ varies. For example, if using a
model fine-tuned on Twitter posts, poetry shows the weakest
correlation with human ratings, prose falls in the middle, and
Facebook posts show the strongest correlation (Feldkamp et al.,
2024).
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Figure 1: A visualization of how the Concept Vector Projection is constructed. It shows how to construct a positive-
negative concept vector to predict sentiment in an unlabeled corpus in a continuous space.

the portability of the CVP beyond valence – to
related affective dimensions, such as arousal and
dominance (subsection 4.2), and consider whether
imperfect linearity in the projections might be the
cause of some of the method’s inaccuracies (sub-
section 4.3).

2 Datasets

To represent diversity across the literary and non-
literary domains, we select three datasets that span
different genres, domains, languages, and historical
periods, all using a human-annotated continuous
scale.

Emobank (Buechel and Hahn, 2017) contains
sentences from the MASC dataset annotated ac-
cording to the Valence-Arousal-Dominance (VAD)
scheme (Mehrabian and Russell, 1974). The dataset
includes: Letters, Blog, Newspaper, Essays, Fiction,
and Travel guides.

Facebook (Preoţiuc-Pietro et al., 2016) consists
of status updates collected by (Kosinski et al., 2013)
and annotated for valence and arousal.

Fiction4 (Feldkamp et al., 2024) comprises liter-
ary texts spanning four genres and two languages
(English/Danish) from the 19ᵗʰ and 20ᵗʰ centuries.
It consists of three main authors – Sylvia Plath (po-
etry), Ernest Hemingway (prose), and H.C. Ander-
sen (fairytales) – and hymns from Danish official
church hymnbooks (published 1798-1873). Two or
more human annotators scored each sentence (/line,
for poetry) for valence.²

²Although lower than Facebook posts, IRR for Fiction4
(U=0.67) is high for continuous annotations of literary texts.
Humans rarely reach U > 0.80 for polarity tagging on non-
literary texts (Wilson et al., 2005) and achieve lower IRR for
continuous scales on literary texts (Batanović et al., 2020;
Rebora et al., 2023).

Dataset Period Sentences Kripp. U (Scale)

EmoBank 1990–2008 10,062
Valence .34 (1-5)
Arousal .25 (1-5)
Dominance .22 (1-5)

Facebook 2012–2013 2,895
Valence .72 (1-9)
Arousal .82 (1-9)

Fiction4 1798–1965 6,300
Valence .67 (0-10)

Table 1: Summary of annotated corpora. We report
sentence counts, average length, and inter-rater agree-
ment (U). The total number of sentences considered is
= = 19, 257. Full breakdown of subgenres (in Fiction4
and Emobank) and number of annotators in Appendix D.

3 Methods

To construct the concept vector, we follow the ap-
proach introduced by (Lyngbaek et al., 2025), where
a pre-trained sentence-embedding model M em-
beds a set of source=460C8E4 and target?>B8C8E4 ex-
emplar sentences. We compute the mean embed-
dings of source=460C8E4 and target?>B8C8E4 examples
and define the concept vector v̂ as the unit vec-
tor of the difference between mean embeddings.
The assumption is that this averaging will reduce
non-sentiment information to Gaussian noise with
a mean of zero, leaving the sentimental signal be-
hind (Kim et al., 2018; Zhao et al., 2024). With
this method, we score a sentence B by projecting
its embedding onto the concept vector v̂ via the dot
product M(B) · v̂, yielding a continuous sentiment
score. We normalize the scores using a z-score
normalization. We define the details for the CVP al-
gorithm in Appendix B.³ To define source=460C8E4
and target?>B8C8E4, we set sentiment thresholds rela-
tive to each corpus’ valence distribution. Sentences

³Implementation available at representation-transfer
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at least one standard deviation above the mean are
positive, sentences below by one standard devia-
tion are negative, and the rest are neutral (for the
formalization, see Appendix A). We estimate con-
cept vectors from these positive–negative contrasts,
capturing the extremes rather than absolute ratings.
This approach yields comparable sentiment con-
trasts across datasets with different scales and dis-
tributions. For testing linearity, we created three
concept vectors: positive–negative, negative–neu-
tral, and neutral–positive.

3.1 Model
To allow for comparability with previous works
(Lyngbaek et al., 2025), we use the embedding
model paraphrase-multilingual-mpnet⁴ (Reimers
and Gurevych, 2019), a 278M-parameter model
based on a mean-pooled BERT architecture op-
timized for sentence similarity via Siamese and
Triplet networks. This model is notable for its
multilingual capabilities, previous performance
(Lyngbaek et al., 2025), and excellent size-to-
performance ratio.⁵

4 Results

4.1 Portability
Our results show that the projection method is
robust: continuous valence scores remain well-
aligned to human scores across all three datasets and
their constituent subgenres (Table 2), suggesting
that the approach captures generalizable sentiment
patterns beyond the idiosyncrasies of literary, jour-
nalistic, or social media language. It highlights the
portability of continuous sentiment scoring across
genres, which can be crucial for research spanning
multiple text types or for investigating historical
and contemporary corpora side by side.

Dataset Correlation, when trained on:

Fiction4 Emobank Facebook

Fiction4 0.66 0.65 0.64
Emobank 0.67 0.70 0.66
Facebook 0.66 0.66 0.68

Table 2: Spearman correlations between human and
projected valence scores across corpora. Values indi-
cate correlations when trained on the indicated corpus
(columns) and tested on itself or another corpus (rows).

⁴sentence-transformers/paraphrase-multilingual-mpnet-
base-v2

⁵A larger model may increase model correlation with hu-
man scores at the expense of computation budget.

Emobank Facebook Fiction4

Valence .71±.02(.70) .70±.02(.68) .66±.02(.66)
Arousal .36±.02(.42) .65±.02(.67)
Dominance .35±.01(.37)

Table 3: Cross-validation of Spearman correlations be-
tween CVP scores and human scores for valence, arousal,
and dominance per corpus. The scores are the mean
correlation obtained from a five fold analysis, with a
standard deviation notated by ±. The score parenthesis
indicates the Spearman correlation obtained when no
split was conducted. Only Emobank has human scores
of all V-A-D labels.

4.2 Beyond Valence
To test the CVP’s ability to generalize beyond va-
lence – which refers to the positivity/negativity
spectrum – we tested the approach on semantic
properties associated with valence in sentiment
analysis: arousal and dominance. Arousal refers
to the intensity of the concept conveyed by a given
word (ecstatic and serene are both positive, but the
first word elicits a higher arousal); dominance refers
to the amount of control associated with a term (an-
gry and helpless are both negative, but the first word
has more dominance). We find that CVP general-
izes well for these subtler concepts (Table 3) with
similarly continuous distributions (see Appendix F),
without reaching the performance achieved on va-
lence.

4.3 Linearity assumption
CVP treats sentiment as linear in embedding space:
negative and positive extremes form the main axis,
with neutral sentences in the middle. We create sim-
ilar vectors with negative–neutral and neutral–posi-
tive extremes, and examine the cosine similarity be-
tween all three vectors (Figure 3). Across corpora,
the negative–positive axis aligns most strongly with
the other two axes, consistent with a geometrical in-
terpretation that neutral texts are located close to the
axis, but vary along an undefined semantic dimen-
sion, so that the three vectors will form a triangle
outlining the centroids of the three classes. We ex-
plore the geometry of Fiction4’s valence space by
creating a two-dimensional basis that visualizes the
data. We define our first dimension as the negative-
positive vector, v=?. The second semantic dimen-
sion we define as the neutral-component, v=2. The
neutral-component vector captures the remaining
semantic information encoded in the neutral cen-
troid.

To define the neutral component, we treat the
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Figure 2: Scatterplot visualizing the Fiction4 embed-
dings projected onto the Fiction4 Pos-Neg Sentiment
vector and the corresponding Neutral-Component. The
Margin plots are Kernel Density Estimations of the label
distributions. All dimensions are Z-score normalized to
make the projections interpretable.

problem geometrically in an affine space. Because
an affine space has no natural origin, projections
cannot be applied directly to centroids. Instead, we
work with difference vectors, which encode relative
positions between centroids. Let v=? denote the
vector from the negative to the positive centroid
and define the corresponding unit direction

v̂=? =
v=?
‖v=? ‖ .

We also define the vector from the negative to the
neutral centroid as v==. Projecting v== onto v̂=?
gives the scalar projection

: = v== · v̂=? .

This scalar specifies the relative position of the neu-
tral centroid along the negative–positive axis, yield-
ing the projected component

: v̂=? .

Finally, we construct the neutral component vec-
tor by removing this projected information:

v=2 = v== − : v̂=? .

This residual vector represents the component of the
neutral direction that is orthogonal to the sentiment
axis. We use this constructed basis to visualize the
geometric structure of sentiment embeddings, as
seen in Figure 2. This result aligns with the high-
dimensional cosine-similarity observed in Figure 3.

Figure 3: Cosine similarity between Concept Vectors for
each corpus (values in each cell). Internal correlations
among neg-pos, neut-pos, and neg-neut pairs are strong,
with neut-pos and neg-neut closer to neg-pos, reflecting
a centrality of the negative–positive axis across corpora.

We see that our embeddings tend to be linear, but
that neutral embeddings encode spurious informa-
tion that remains unaccounted for in the sentiment
direction. This property gives the centroids a tri-
angular shape – and structures the Fiction4 embed-
dings as a banana-shaped manifold.

5 Discussion & conclusions

We find that Concept Vector Projections transfer
well across genres, periods, and languages — a vec-
tor derived from a corpus including 19ᵗʰ-century
Danish hymns predicts sentiment in contemporary
Facebook posts nearly as well as one trained on
in-domain data. This portability suggests CVP cap-
tures generalizable properties of how sentiment is
encoded in embedding space, rather than domain-
specific patterns. The approach also extends to
arousal and dominance, though with reduced per-
formance, consistent with valence being the most
reliable and consistent of the three affective dimen-
sions (Warriner et al., 2013). For researchers work-
ing with historical or low-resource corpora, this
means domain-specific training data may not be
necessary – as suggested in Lyngbaek et al. (2025).

Our geometric analysis shows that the linearity
assumption is approximate: neutral sentences do
not lie exactly on the positive–negative axis but
form a continuous, banana-shaped curve. This sug-
gests neutrality encodes semantic content beyond
the absence of valence – a property that future meth-
ods might exploit.
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Limitations

While the goal of this work, is not to explore how to
optimize the performance of the CVP, but examine
its implications, we only examine one model to
ensure comparability with Lyngbaek et al. (2025).
Further analysis should explore alternative models
as indicate evidence suggests that newer models
like EmbeddingGemma (Vera et al., 2025) might
surpass the one currently used.

To examine the CVP ability to generalize to the
related concepts arousal and dominance, we utilize
the dataset itself as the source dataset for deriving
the concept vector. This likely leads to a modest
overestimation of the correlation as we see for va-
lence in Table 2 and arousal in Appendix G.

Our cross-lingual evaluation, while leveraging
a multilingual embedding model, is restricted to
Danish and English. These languages, though dif-
fering in resource availability, belong to the same
language family; generalization to typologically dis-
tinct languages remains untested.
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A Vector polarity selection procedure

For each text unit 8 in a corpus, we compute its valence score E8 . Let ` and f denote the mean and standard
deviation of valence scores across the corpus. Polarity labels are assigned as follows:

label8 =



positive, if E8 ≥ ` + f
negative, if E8 ≤ ` − f
neutral, otherwise

This scheme assigns a label based on deviation from the corpus mean by one standard deviation.

B CVP algorithm

The following algorithm formally describes the procedure for defining and applying a concept vector by
using labeled sentence embeddings.

Algorithm 1 Concept Vector Projection
Input:
M = Language Model
S = A set of sentences B8 , labeled via mean ± SD thresholds for valence: B8 ∈ {positive+, negative− , neutral∅, unknown?}
Output:
v̂ = Concept vector
score(B8) = projection scores for unknown sentences
Computation:

1: Embed all sentences: e8 = M(B8)
2: %+ ← {e8 | B8 = positive}
3: #− ← {e8 | B8 = negative}
4: Compute means: `B+ = mean(%+), `B− = mean(#−)
5: Compute concept vector: ®v = ®̀B+ − ®`B−
6: Normalize: v̂ = v

‖v‖
7: for each embedding e8 do
8: score(B8) = e8 · v̂
9: end for

10: Standardize scores: score(B8 )−<40=(score(B8 ) )
BC3 (score(B8 ) ) // Embedding projection

C Performance baseline

To contextualize the correlations between the CVP and human scores, we also include the correlations
between a transformer-based model and human scores. We choose the best-performing model in Lyngbaek
et al. (2025), the multilingual cardiffnlp/xlm-roberta-base-sentiment-multilingual (here abbreviated
xlm-R-b)⁶, which is an xlm-roberta model finetuned for sentiment on Twitter data (Barbieri et al., 2022).
The model’s output was transformed using its confidence scores, consistent with the approach in Lyngbaek
et al. (2025) and Bizzoni and Feldkamp (2023). We do not compare to continuous dictionary-based
sentiments approaches like VADER, but for a comparison against these methods, we refer to Lyngbaek
et al. (2025).

Note that while the xlm-R-b model performs better than the Concept Vector Projection on Facebook
data in terms of Spearman’s d (see Table 2), the distributions of these scores remain pseudo-trinary (see
the Figure 4), unlike the distribution of the Concept Vector Projection’s scores (Figure 5).

⁶https://huggingface.co/cardiffnlp/xlm-roberta-base-sentiment-multilingual
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Dataset Subcategory xlm-R-b Correlation, when trained on:

Fiction4 Emobank Facebook

Fiction4 overall 0.60 0.66 0.65 0.64
fairytales 0.62 0.67 0.64 0.61
hymns 0.59 0.67 0.66 0.62
poetry 0.57 0.72 0.71 0.68
prose 0.61 0.64 0.62 0.63

Emob. overall 0.65 0.67 0.70 0.66
SemEval 0.64 0.66 0.71 0.65
blog 0.65 0.64 0.68 0.69
essays 0.58 0.59 0.63 0.55
fiction 0.56 0.67 0.69 0.67
letters 0.68 0.68 0.71 0.66
newspaper 0.65 0.67 0.69 0.65
travel-guides 0.49 0.56 0.58 0.59

FB overall 0.74 0.66 0.66 0.68

Table 4: Correlations with human and projected valence scores across corpora. Values indicate correlations when
trained on the indicated corpus (columns) and tested on the datasets overall and across subgenres (rows). Correlation
of the transformer-based model and human score is indicated in column xlm-R-b.
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Figure 4: Correlation (Spearman’s d) between transformer model (xlm-R-b) and human scores in the Facebook
dataset.

D Data details

A note on EmoBank categories: Essays include, i.e., “A Brief History of Steel in Northeastern Ohio”.
Fiction comprises prose pieces, i.e., Richard Harding’s “A Wasted Day” or the SciFi story “Captured
Moments”. Newspapers contain reports and longer reportages. Travel Guides include both local histories
and reflective pieces (e.g., “Dublin and the Dubliners”).⁷

⁷See the full MASC corpus at: https://anc.org/data/masc/corpus/browse-masc-data/
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Dataset Period N annotations N words Ḡ words/sentence N annotators Krippendorff’s U

V A D

→ Facebook 2012-2013 2,895 46,868 16.19 2 .72 .82 -

↓ EmoBank 1990-2008 10,062 151,259 15.03 10 .34 .25 .22

Letters 1,413 21,639 15.31 10 .35 .25 .25
Blog 1,336 20,874 15.62 10 .32 .22 .18
Newspaper 1,314 25,992 19.78 10 .30 .22 .22
Essays 1,135 26,349 23.21 10 .33 .21 .21
Fiction 2,753 31,491 11.44 10 .35 .22 .22
Travel-guides 919 17,154 18.67 10 .28 .23 .23
SemEval 1,192 7,760 6.51 10 .37 .20 .20

↓ Fiction4 1798-1965 6,300 73,250 11.6 >=2 .67 - -

Hymns 1798-1873 2,026 12,798 6.3 2 .72 - -
Fairy tales 1837-1847 772 18,597 24.1 3 .69 - -

Prose 1952 1,923 30,279 15.7 2 .63 - -
Poetry 1965 1,579 11,576 7.3 3 .59 - -

Table 5: Datasets with valence annotation. Valence was annotated on a sentence basis, so ‘N annotations’ indicates
the number of sentences. ‘N annotators’ indicates the number of annotators reported per sentence. IRR per dataset
and category is shown in U. Since EmoBank lacks unique annotator IDs, we cannot correlate individual annotators’
scores. Therefore, we use Krippendorff’s U measures agreement across V-A-D ratings per item in the full dataset
and in subcategories. Only Emobank includes the full V-A-D annotation. Note that texts not indicated as Danish
(flag) are all in English.

E Train to test dataset correlations

Visualizations of portability between datasets for valence. This figure is a visualization of Table 2.
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Figure 5: Relation between Concept Vector Projection scores (y-axis) and human scores (x-axis) on standardized
valence across datasets. On top of each figure, the training set (on the left of the arrow) and the test set (on the right
of the arrow) are shown.
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F Beyond valence, visualized correlations
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Figure 6: Top: Relation between Concept Vector Projection scores (y-axis) and human scores of standardized
arousal in the Emobank and Facebook corpora. Bottom: Relation between Concept Vector Projection scores (y-axis)
and human scores of standardized dominance in the Emobank corpus.

G Portability of Arousal

Visualizations of portability between datasets for arousal. This figure is a visualization of Table 2.
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Scatterplots describing the Portability of Arousal

Figure 7: Relation between Concept Vector Projection scores (y-axis) and human scores (x-axis) on standardized
arousal across datasets. A title such as Emobank→Facebook should be read as: Correlation between projections of
arousal and human arousal ratings, when arousal vector is defined by the Emobank corpus and predictions are tested
on the Facebook corpus.
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H Downstream differences between Human Annotators and Projection models

As a sanity check on downstream analysis using projection scores instead of human annotators we tested a
simple hypothesis. That both high and low valence scores correlate with high arousal. This would imply
that arousal only correlates with valence, when we use the absolute value of valence (i.e. distance from
the mean). While the slope of our linear regression varies between the two methods, we reach the same
conclusion with both models. That there is a positive relation between absolute valence and arousal scores.
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Correlation between Valence and Arousal for original ratings and projected ratings:
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Figure 8: Scatterplots showing the relation between arousal and valence. The two top plots show no correlation
between valence and arousal. The two bottom plots use absolute valence instead of valence, and depicts a positive
significant relationship between absolute valence and arousal. Left side plots uses human annotations of EmoBank.
Right side plots use projected ratings of EmoBank, and using the pos-neg vector defined on EmoBank.
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Abstract

Large language models (LLMs) have demon-
strated strong performance on emotion under-
standing tasks, yet their ability to faithfully
generate emotionally aligned text remains less
well understood. We propose a semantic eval-
uation framework that jointly assesses emo-
tion understanding, emotion generation, and
internal consistency, using a VAE-based emo-
tion cost matrix that captures graded seman-
tic similarity between emotion categories. Our
framework introduces four complementary met-
rics that disentangle baseline understanding,
human-perceived emotion in generated text,
generation quality, and model consistency. Ex-
perimental results show that while understand-
ing and consistency scores are highly corre-
lated, emotion generation exhibits substantially
weaker correlations with these metrics. These
findings motivate the development of special-
ized evaluation protocols that independently
measure emotional understanding and gener-
ation, enabling more reliable assessments of
LLM emotional intelligence.

1 Introduction

The advancement of LLMs has brought their emo-
tional intelligence to the forefront of AI research, as
it is a critical component for effective and meaning-
ful human-computer interaction (Wang et al., 2023;
Li et al., 2023; Hu et al., 2025). The ability of
these models to comprehend and express emotions
is essential for their integration into real-world ap-
plications that require social awareness and em-
pathy (Sabour et al., 2024; Ishikawa and Yoshino,
2025). Within this domain, two fundamental yet
distinct capabilities are often discussed: emotion
understanding, the capacity to accurately identify
emotions from text, and emotion generation, the
ability to produce text that conveys a specific, ap-
propriate emotion (Li et al., 2024; Liu et al., 2025).
While both are integral to emotional intelligence,
a key challenge lies in evaluating them, as current

benchmarks often focus more on recognition than
other essential emotional skills (Sabour et al., 2024;
Zhang et al., 2025). This may lead to an incomplete
assessment of an LLM’s true emotional capabili-
ties.

This paper argues that evaluating the emotion
generation capability of LLMs is fundamentally
different from evaluating their emotion understand-
ing abilities. To investigate this distinction, we
conduct experiments with five distinct LLMs (see
Table 1). Our methodology centers on the UniC
dataset (Du et al., 2025), which consists of expert-
labeled conversational texts annotated with emo-
tions. We adopt a two-phase process involving
emotion neutralization followed by emotion re-
injection, prompting the models to generate text
samples that align with the original emotion labels
provided in UniC. To establish a reliable ground
truth for the generated texts, all generated samples
were annotated by human evaluators.

By analyzing the performance of the five LLMs
across emotion understanding (OERS, GERS),
emotion generation (EGS), and internal consistency
(ECS) metrics (see Section 4), this study aims to
demonstrate the divergence between their ability
to understand emotion and their ability to generate
emotionally aligned text. Our central hypothesis
is that high performance on understanding-based
metrics does not necessarily translate to high perfor-
mance on generation-based metrics. Our findings
reveal a stark contrast in the relationships between
these scores: the average correlation among the un-
derstanding (OERS, GERS) and consistency (ECS)
metrics is 95%, indicating that they measure sim-
ilar constructs. However, the average correlation
between the Generation Score (EGS) and these
other three metrics (OERS, GERS, and ECS) is
only 73%. This discrepancy strongly suggests that
the other metrics are not good representatives for
evaluating an LLM’s emotion generation capability.
These findings underscore the need for specialized
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evaluation protocols that can independently assess
both understanding and generation, thereby pro-
viding a more accurate and nuanced picture of an
LLM’s emotional intelligence and guiding the de-
velopment of more genuinely empathetic artificial
agents (Li et al., 2024; Liu et al., 2025).

2 Related Works

Emotional Intelligence (EI) is broadly defined as
the ability to manage one’s own emotions and to
understand the emotions of others (Sabour et al.,
2024). As LLMs become more integrated into
human-centric applications, imbuing them with EI
has become a critical area of research (Wang et al.,
2023; Raj, 2024). In the context of LLMs, this
dual capability translates into two distinct research
strands: emotion understanding (perceiving emo-
tion in text) and emotion generation (expressing
emotion through text).

A significant body of research has focused on
benchmarking an LLM’s emotion understanding,
which corresponds to the ability to "recognize emo-
tions" (Samad, 2014). This is most commonly eval-
uated as a text classification task using established
datasets. The GoEmotions dataset, for instance, is
frequently used to test model performance (Dem-
szky et al., 2020). Recent work has used GoEmo-
tions to compare various LLMs, analyzing their
accuracy in identifying human emotions from text
(Lecourt et al., 2025). However, some researchers
argue that such datasets, while useful, are insuf-
ficient for a comprehensive evaluation and have
proposed new benchmarks like EmoBench, which
includes hand-crafted questions designed to require
deeper emotional reasoning beyond simple recog-
nition (Sabour et al., 2024). These studies treat
classification accuracy on such benchmarks as a pri-
mary indicator of an LLM’s emotion understanding
capability.

In parallel, research on emotion generation fo-
cuses on the other aspect of EI: the ability to "in-
voke and reason with emotions" (Samad, 2014).
For an LLM, this translates into generating text
that is both emotionally appropriate and coherent.
This has motivated the development of techniques
aimed at enhancing the emotional expressiveness of
model outputs. For instance, the Emotional Chain-
of-Thought (ECoT) method prompts LLMs to rea-
son about emotions before generating a response,
thereby improving their performance on generation
tasks (Li et al., 2024). Evaluating the quality of

such emotionally generated text presents its own
challenges, which have led to the proposal of new
metrics. The Emotional Generation Score (EGS)
evaluates generated outputs based on psychological
theories (Li et al., 2024). This metric is different
from the EGS defined in the Equation 3, although
the two share a similar name. In contrast, Jafari
et al. (2025) introduced an embedding-based auto-
matic evaluation metric for emotional text genera-
tion.

While these two components of EI are often stud-
ied in isolation, some prior work has acknowledged
the need to connect them for a more holistic view
of emotional intelligence (Zhao et al., 2024). How-
ever, our work is motivated by the hypothesis that
strong performance in emotion understanding does
not necessarily translate to high performance in
emotion generation. We directly investigate this
potential divergence by quantitatively comparing
these two capabilities across multiple LLMs to em-
pirically demonstrate the degree to which they dif-
fer and motivate the need for distinct evaluation
metrics for understanding versus generation.

3 Dataset

We use two different datasets: one for evaluating
emotional text understanding and another for eval-
uating emotional text generation. The UniC dataset
(Du et al., 2025) is used for the understanding eval-
uation, while the generation evaluation relies on
texts produced by various LLMs that are annotated
with emotion labels. The details of each component
are provided below.

3.1 Emotion Understanding Dataset

A considerable body of research has investigated
the emotion understanding capabilities of LLMs
by evaluating them on established emotion classi-
fication datasets. Many of these datasets originate
from social media platforms or news headlines. For
example, the widely used GoEmotions dataset con-
tains 58,000 Reddit comments annotated with 27
fine-grained emotion categories (Demszky et al.,
2020; Fitriana and Setiawan, 2025). Similarly,
datasets constructed from microblogging platforms
have been employed to study emotion classification
in short and informal text (Wen and Wan, 2014).
Other studies have utilized news headlines, such
as the dataset from the SemEval 2007 workshop
(Strapparava and Mihalcea, 2007), to explore rela-
tionships between lexical semantics and emotion
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Model Developer Parameters Context Window(tokens) License / Source
GPT-4.1 (OpenAI, 2025a) OpenAI Proprietary 1M Closed / Commercial API
GPT-4o-mini (OpenAI, 2025b) OpenAI Proprietary 128K Closed / Commercial API
Llama-3.3-70B-Instruct (Grattafiori et al., 2024) Meta AI 70B 128K Open (Meta Llama License)
Llama-3.1-8B-Instruct (Grattafiori et al., 2024) Meta AI 8B 128K Open (Meta Llama License)
Mistral-NeMo-12B-Instruct (AI, 2024) Mistral AI 12B 128K Apache-2.0 (Open)

Table 1: Technical overview of the LLMs used in this study, including developer, parameter count, context window
size, and licensing/source information.

(Danisman and Alpkocak, 2008). Although these
datasets are valuable for training and benchmark-
ing models on explicit emotional expressions, they
are limited in their ability to capture more nuanced
forms of emotional intelligence. Social media posts
and headlines tend to be brief, highly contextual,
and often include performative or fact-based lan-
guage rather than implicitly conveyed, naturally
expressed personal emotions (Yang et al., 2023).
These limitations motivated our adoption of the
UniC dataset (Du et al., 2025), which was curated
from YouTube monologues (such as book and film
reviews). UniC captures multimodal, non-acted,
implicit, and naturally occurring emotional expres-
sions, making it well-suited for our study. The
dataset comprises 964 video clips derived from a
set of source videos and curated through a multi-
step pipeline involving keyword search, subtitle
filtering, and manual validation. The clips are short
(approximately 10 seconds each) and were inde-
pendently annotated across four modalities: text,
audio, silent video, and all modalities combined.
Annotations include categorical labels (26 initial
categories later clustered into seven emotions) as
well as dimensional valence-arousal scores. The
seven emotions are disappointment, disgust, con-
fusion, neutral, contentment, joy, and surprise. In
this study, we rely solely on the text modality (i.e.,
transcripts).

3.2 Emotion Generation Dataset
To develop a dataset suitable for evaluating
emotion-aware text generation systems, we con-
struct parallel textual variants that differ only in
emotional style while preserving semantic meaning.
The UniC dataset consist of 964 transcripts drawn
from 18 videos, each containing spontaneous emo-
tional cues.

3.2.1 Generate Neutralized and
Emotionalized Samples

Each transcript is processed through a two-step
prompting pipeline. In the first step, a neutraliza-
tion prompt (Box A.1) removes explicit emotional

expressions while maintaining the original seman-
tics and sentence structure. This ensures that emo-
tional cues present in the source text do not influ-
ence the LLM during emotion generation, enabling
a controlled comparison with the original transcript.
Second, an emotion reinjection prompt (Box A.2)
introduces a target emotion with minimal stylis-
tic deviation from the neutralized version. This
neutralize → reinject procedure produces three
aligned versions per sample: the original transcript,
a neutralized form, and an emotionalized version.
Five LLMs (see Table 1) are used for generation,
producing a total of 964 samples × 5 models =
4,820 generated texts. If the original text is labeled
as neutral, both the neutralization and neutral emo-
tion re-injection stages should ideally leave the text
unchanged, resulting in identical original, neutral-
ized, and re-injected outputs.

3.2.2 Sample Selection for Human Annotation
Direct human annotation of all 4,820 generated
texts would be prohibitively costly. Therefore,
we selected a representative subset using a two-
step sampling strategy. First, for each emotion
category, transcripts were sampled from both the
beginning and the end of each of the 18 videos
to ensure content diversity. Second, we priori-
tized samples with high-quality ground-truth labels.
Specifically, from a smaller manually annotated
portion of the UniC dataset (61 samples labeled
by three annotators), we retained only samples
whose majority score exceeded 0.6, correspond-
ing to agreement in at least 2 of the 3 annotations,
resulting in 55 reliable samples. Applying both cri-
teria resulted in a final subset of 277 high-quality
samples. Across all models, this corresponds to:
277 samples × 5 models = 1,385 generated texts.
Thus, for emotional text generation, we annotated
a total of 1,385 samples.

The neutralization process is not the main com-
ponent of the pipeline, so we annotated a repre-
sentative subset of the 277 samples. Specifically,
we selected 12 samples per emotion category from
the 277 samples. Given 7 emotion categories, this
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Model Krippendorff’s α Fleiss’ κ
GPT-4.1 0.2918 0.2903
LLaMA-3.3-70B 0.3023 0.3008
LLaMA-3.1-8B 0.2851 0.2835
Mistral-Nemo-12B 0.3924 0.3911
GPT-4o-mini 0.2268 0.2252

Table 2: Inter-annotator agreement (IAA) scores for
emotion neutralization evaluation across five different
LLMs.

resulted in: 12 × 7 = 84 samples. Across the 5
models, this yields a total of: 84×5 = 420 samples
for neutralization annotation.

3.2.3 Human Annotation of Neutralized Texts
Human evaluation of neutralization was conducted
on an 84-sample subset per LLM to assess the ef-
fectiveness of emotion neutralization. Annotators
were informed that each text was an automatically
neutralized version of an originally emotional sen-
tence and were asked to identify the perceived emo-
tion. Selecting neutral indicates successful neutral-
ization, whereas choosing any other emotion sug-
gests a failure in the neutralization process. Five
annotators independently annotated each sample.
To assess the reliability and consistency of the an-
notations, we computed two robust inter-annotator
agreement (IAA) metrics: Krippendorff’s α (Krip-
pendorff, 2018) and Fleiss’ κ (Fleiss, 1971). Unlike
simple percentage agreement, both metrics correct
for chance agreement and therefore provide a more
conservative estimate of annotation reliability. The
IAA results for all evaluated models are shown in
Table 2. Overall, the agreement scores indicate fair
agreement across models. Higher values of α and
κ reflect greater consistency among annotators in
identifying neutralized text, whereas lower values
suggest residual emotional signals or ambiguity in
the generated outputs.

3.2.4 Human Annotation for Generated
Emotional Texts

Human evaluation was performed on the 277-
sample subset to assess the perceived emotional
accuracy and consistency of the generated outputs.
Annotators are asked to select the most appropriate
emotion label from the predefined set of seven cat-
egories. Five annotators independently annotated
each sample. To further validate the consistency of
the annotations, we again computed the two inter-
annotator agreement metrics Krippendorff’s α and
Fleiss’ κ. As shown in Table 3, α and κ values fall

between 0.38 and 0.45, which indicates a moder-
ate level of agreement among annotators. These
values are typical in emotion annotation tasks (Du
et al., 2025), which inherently involve subjective
interpretation. Notably, GPT-4.1 yields the highest
agreement scores (α = 0.4497, κ = 0.4469), sug-
gesting that annotators slightly more consistently
perceived the emotional cues in its outputs com-
pared to the other models.

Model Krippendorff’s α Fleiss’ κ
GPT-4.1 0.4497 0.4469
LLaMA-3.3-70B 0.4261 0.4232
LLaMA-3.1-8B 0.4394 0.4364
Mistral-Nemo-12B 0.4451 0.4422
GPT-4o-mini 0.3841 0.3807

Table 3: Inter-annotator agreement scores for emotion
re-injection across models using Krippendorff’s α and
Fleiss’ κ. Higher values indicate stronger annotator
consensus.

4 Metrics

To evaluate the performance of LLMs in emotion
understanding (OERS, GERS), emotion generation
(EGS), and internal consistency (ECS), we define
four metrics based on a VAE-based emotion cost
matrix. Let N denote the total number of sam-
ples, oi the target (ground-truth) emotion for the
i-th sample, ôi the emotion predicted by the model,
and C(·, ·) an emotion cost function derived from
a VAE-based emotion embedding space. Unlike
standard classification metrics such as F1, the VAE-
based cost matrix (VCM) explicitly captures se-
mantic similarity between emotion categories (for
a more detailed discussion, see Section 4.2).

• Original Emotion Recognition Score
(OERS): This metric evaluates a model’s
ability to recognize emotions in the original
data by comparing its predictions with the
reference emotion labels.

OERS =
1

N

N∑

i=1

C
(
o

original
i , ô

original
i

)
(1)

• Generated Emotion Recognition Score
(GERS): This metric measures how well a
model recognizes emotions in generated text
as perceived by human annotators, by com-
paring model predictions with human-labeled
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Model OERS GERS EGS ECS
GPT-4.1 0.4943 0.7389 0.7248 0.7669
LLaMA-3.3-70B 0.4559 0.7406 0.7129 0.7515
LLaMA-3.1-8B 0.2925 0.5452 0.6470 0.5010
Mistral-Nemo-12B 0.3306 0.4964 0.6033 0.4970
GPT-4o-mini 0.3436 0.5818 0.5988 0.5499

Table 4: Macro-averaged F1 scores across four eval-
uation dimensions: UniC and Prolific Understanding
Scores (OERS, GERS), Generation Score (EGS), and
Consistency Score (ECS).

emotion annotations.

GERS =
1

N

N∑

i=1

C
(
o

generated
i , ô

generated
i

)

(2)

• Emotion Generation Score (EGS): This met-
ric evaluates emotion generation quality by
measuring the alignment between the refer-
ence emotion label of the source data and the
emotion perceived by human annotators in the
generated output.

EGS =
1

N

N∑

i=1

C
(
o

original
i , o

generated
i

)
(3)

• Emotion Consistency Score (ECS): This
metric assesses the internal emotional con-
sistency of the model by measuring whether
the emotion explicitly specified during text
generation is correctly identified by the same
model when it is subsequently asked to infer
the dominant emotion of its own generated
text.

ECS =
1

N

N∑

i=1

C
(
o

original
i , ô

generated
i

)
(4)

We begin by evaluating model performance us-
ing the macro-averaged F1 score, computed uni-
formly across all emotion classes. This metric
treats all misclassifications as equally severe and
is commonly used for multi-class emotion recog-
nition. Table 4 reports the macro F1 results for
different LLMs across four evaluation dimensions.

Under this uniform-penalty evaluation, GPT-4.1
achieves the strongest overall performance. To
better understand the source of these scores, Ta-
ble 5 provides a per-emotion breakdown for GPT-
4.1 across all metrics. The reason the results for the
confusion label appear excessively high is that, dur-
ing the neutralization stage, 9 of the GPT-4.1 errors

were confusion label. As a result, the neutralized
texts generated by GPT-4.1 still contain confusion
cues in 9 samples(for more details, see Table 9).

Emotion # Samples OERS GERS EGS ECS
Disappointment 60 0.5833 0.8750 0.8833 0.9000
Disgust 22 0.4091 0.8500 0.6818 0.8636
Confusion 17 0.9412 0.9375 0.8235 1.0000
Neutral 66 0.3939 0.6438 0.8485 0.6667
Contentment 68 0.4118 0.7895 0.4706 0.6765
Joy 32 0.3750 0.6818 0.7813 0.7500
Surprise 12 0.7500 0.5909 0.8333 0.8333

Macro Average 277 0.4943 0.7379 0.7248 0.7669

Table 5: Per-emotion performance of GPT-4.1 across
evaluation metrics.

Figure 1 presents the confusion matrices corre-
sponding to the four evaluation metrics for GPT-
4.1. A consistent pattern emerges across metrics: a
substantial portion of errors arises from confusion
between joy and contentment. While one might
suggest merging these classes, a similar confusion
pattern is also observed between contentment and
neutral. Merging classes in response to such over-
laps would therefore lead to an undesirable collapse
of distinct emotional states (e.g., joy, contentment,
and neutral), which are conceptually and function-
ally different. Given this continuum-like relation-
ship among emotions, penalizing confusions be-
tween semantically adjacent classes in the same
way as confusions between semantically distant
emotions (e.g., joy and disgust) is arguably inappro-
priate. This observation motivates the need for an
evaluation framework that explicitly accounts for
semantic proximity among emotion classes, rather
than relying on coarse class merging.

4.1 Manually Defined Cost Matrix

To address the limitations of uniform-penalty met-
rics, we first introduce a manually defined semantic
cost matrix (De Bruyne, 2022), shown in Figure 2.
This matrix assigns lower costs to misclassifica-
tions between semantically similar emotions and
higher costs to confusions between semantically
distant ones.

Table 4 reflects performance under the standard
macro F1 setting, whereas Table 6 reports results
obtained using the manual cost matrix. Unlike
macro F1, this evaluation incorporates polarity-
aware misclassification costs between emotion cat-
egories. While the overall ranking of models re-
mains broadly consistent, the cost-sensitive evalu-
ation amplifies performance differences. Stronger
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(a) OERS (b) GERS

(c) EGS (d) ECS

Figure 1: Confusion matrices for GPT-4.1 across the four evaluation metrics.

Model OERS GERS EGS ECS
GPT-4.1 0.7004 0.8700 0.8761 0.8809
LLaMA-3.3-70B 0.6871 0.8664 0.8556 0.8676
LLaMA-3.1-8B 0.5872 0.7774 0.8111 0.7341
Mistral-Nemo-12B 0.6258 0.7906 0.8002 0.7401
GPT-4o-mini 0.6474 0.8279 0.7858 0.7714

Table 6: Model performance under the manually defined
semantic cost matrix.

models benefit from making errors within the same
polarity, which are penalized less, whereas weaker
models incur higher penalties due to confusion
across opposite polarities. This suggests that macro
F1 may obscure qualitative differences in how mod-
els reason about emotional polarity.

4.2 VAE-Based Cost Matrix
Although effective, manually designing a cost ma-
trix is inherently subjective. To overcome this lim-
itation, we propose an automatic, data-driven ap-
proach based on latent affective representations
learned by a variational autoencoder (VAE). We

employ three-dimensional sentiment embeddings
from the SentiVAE model (Hoyle et al., 2019),
which encode affective semantics in a continuous
latent space. Each emotion label is mapped to its
corresponding latent vector, and semantic similarity
between emotions is computed using cosine simi-
larity. To obtain a misclassification cost, similarity
is transformed into dissimilarity by subtracting the
cosine similarity from one, followed by normal-
ization to the [0, 1] range (see Algorithm 1). The
resulting VAE-based cost matrix (VCM) is visual-
ized in Figure 3, while Table 7 reports evaluation
results using this VAE-based cost matrix.

Model OERS GERS EGS ECS
GPT-4.1 0.8549 0.9535 0.9640 0.9581
LLaMA-3.3-70B 0.8494 0.9524 0.9531 0.9533
LLaMA-3.1-8B 0.7871 0.9120 0.9396 0.8998
Mistral-Nemo-12B 0.8103 0.9155 0.9305 0.9196
GPT-4o-mini 0.8265 0.9410 0.9310 0.9235

Table 7: Evaluation results using the VAE-based cost
matrix.
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Figure 2: Manually defined semantic cost matrix for
emotion classification. Darker colors indicate higher
misclassification costs, while lighter colors correspond
to lower misclassification cost for emotion pairs.

Algorithm 1 VAE-Based Cost Matrix Construction

Require: Emotion set E = {e1, . . . , eN}; VAE
sentiment dictionary D

Ensure: Normalized cost matrix C ∈ [0, 1]N×N

1: for i = 1 to N do
2: Retrieve latent vector vi ∈ R3 for emotion

ei
3: end for
4: for i = 1 to N do
5: for j = 1 to N do
6: sij = cos(vi,vj)
7: Cij = 1− sij
8: end for
9: end for

10: Normalize C to [0, 1]
11: return C

Finally, Table 8 reports the Pearson correlation
(Pearson, 1895) between the VAE-based and man-
ually defined cost matrices. The correlations are
consistently high across all metrics, indicating that
the VAE-based approach closely approximates the
manually designed costs. Given this near-perfect
alignment, we adopt the VAE-based cost matrix
for all subsequent experiments, as it provides a
principled, automated, and semantically grounded
alternative to manual cost specification.

Metric OERS GERS EGS ECS
Correlation 0.9985 0.9873 0.9850 0.9656
p-value (×10−5) 6.90 171.55 220.14 763.27

Table 8: Pearson correlation and corresponding p-values
(all reported in units of 10−5) between VAE-based and
manually defined cost matrices.

Figure 3: VAE-based cost matrix derived from latent
sentiment embeddings.

5 Results and Discussion

We first present the results of the neutralization
stage, which constitutes the initial component of
the proposed pipeline. This is followed by the re-
sults of the emotion re-injection stage. Finally, we
provide a qualitative analysis based on two repre-
sentative samples.

5.1 Neutralization Results

Table 9 summarizes the performance of different
models on the emotion neutralization task over 84
annotated samples. In the ideal (best-case) sce-
nario, all outputs should be classified as neutral,
since the models were explicitly instructed to neu-
tralize the emotional content of the input texts.
However, after conducting human evaluation, we
found that a subset of the generated outputs still
conveyed residual emotions and were therefore an-
notated as non-neutral. For F1-score computation,
the ground-truth labels consist of 84 instances of
the neutral class (i.e., the true values assume all
samples should be neutral). The predicted labels
correspond to the majority emotion assigned by hu-
man annotators to each generated neutralized text.
Each sample was annotated by five annotators, and
the dominant emotion among them was used as the
final prediction.

Among the evaluated models, LLaMA-3.3-70B
achieves the highest F1-score (0.95), indicating a
strong ability to remove emotional cues and pro-
duce genuinely neutral outputs, with very few resid-
ual emotional mistakes. LLaMA-3.1-8B follows
with an F1-score of 0.83, demonstrating robust
performance despite its smaller model size. GPT-
4.1 and Mistral-Nemo-12B achieve comparable F1-
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scores (0.78), suggesting similar neutralization be-
havior across proprietary and open-source mod-
els. Finally, GPT-4o-mini records the lowest F1-
score (0.77), reflecting comparatively weaker neu-
tralization performance and a higher number of
non-neutral outputs. Overall, these results demon-
strate that instruction-tuned open-source models,
particularly larger variants, can achieve strong and
competitive performance in the neutralization stage
of the proposed pipeline.

5.2 Emotion Re-injection Results

Table 7 reports the evaluation results for all mod-
els using the VAE-based cost matrix on 277 sam-
ples. According to the metrics defined in Section 4,
o

original
i denotes the original UniC emotion labels,

while ô
original
i represents the model predictions on

the UniC dataset. Furthermore, o
generated
i corre-

sponds to the human annotations of the generated
texts, and ô

generated
i denotes the model predictions

on these generated samples. Overall, larger models
consistently outperform smaller ones across all four
metrics, with GPT-4.1 achieving the highest scores
in understanding, generation, and consistency.

To further analyze the relationship between the
proposed metrics, Figure 4 presents the Pearson
correlation matrix computed over average VAE-
based cost matrix scores. The results reveal a strong
correlation between OERS and GERS (r = 0.96),
indicating that models that better understand emo-
tions in the original dataset also tend to align more
closely with human emotion perception in gen-
erated text. The ECS exhibits the highest cor-
relation with OERS (r = 0.98), suggesting that
strong emotion understanding is closely tied to in-
ternally consistent emotion generation. In contrast,
the EGS exhibits comparatively lower correlations
with understanding-based metrics (r ≈ 0.70). This
discrepancy strongly suggests that emotion under-
standing and internal consistency metrics are not
sufficient proxies for evaluating an LLM’s emotion
generation capability. While models may accu-
rately recognize or internally align with emotional
intent, this does not necessarily translate into a
good emotional text generation model. These find-
ings underscore the need for specialized evaluation
protocols that independently assess emotion under-
standing and emotion generation, thereby provid-
ing a more accurate and nuanced characterization
of an LLM’s emotional intelligence.

Figure 4: Pearson correlation matrix between emotion
understanding, generation, and consistency metrics us-
ing average VCM scores.

5.3 Qualitative Analysis

Table 10 presents two representative examples il-
lustrating how emotional cues introduced during
enrichment influence both human annotations and
GPT-4.1 emotion predictions across different anno-
tation sources. Importantly, UniC Pred. refers to
GPT-4.1 predictions on samples annotated in the
UniC dataset, while Prolific Pred. denotes GPT-4.1
predictions on emotionally enriched texts whose
labels originate from Prolific crowd annotations.

In the first example, the original text describes
a disturbing narrative involving cannibalism and
violence, yet includes a subtle positive evaluative
cue (“trust me this is a good book”). Despite the
dark subject matter, Prolific annotations predomi-
nantly label the emotion as contentment, suggesting
that annotators attend to the narrator’s engaged and
appreciative stance rather than the literal events
described. The neutralized version removes this
evaluative framing, yielding a more descriptive and
emotionally flattened account. In the emotionally
enriched version, affective signals are explicitly am-
plified through phrases such as “fascinating book,”
“eager curiosity,” and “strangely satisfying.” While
GPT-4.1 predictions on the generated emotional
text aligned with Prolific annotations indicate con-
tentment, GPT-4.1 predictions on the original text
(UniC-annotated version) shift to surprise. The
second example exhibits a clearer alignment be-
tween emotional framing and semantic content.
The original text expresses a preference for “silly,
light-hearted stories,” which is further reinforced
in the emotionally enriched version through ex-
plicit affective language such as “gentle smile” and
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Model F1 Disappointment Disgust Confusion Neutral Contentment Joy Surprise
GPT-4.1 0.7826 3 5 9 54 3 3 7
LLaMA-3.3-70B 0.9500 2 2 1 76 2 0 1
LLaMA-3.1-8B 0.8333 3 2 3 60 3 7 6
Mistral-Nemo-12B 0.7826 8 4 5 54 3 3 7
GPT-4o-mini 0.7737 11 0 6 53 6 3 5

Table 9: Emotion neutralization performance of different models measured using F1-score. The per-emotion
columns report the number of samples annotated with each dominant emotion by human evaluators. Since all inputs
were expected to be neutral after processing, non-neutral categories represent emotional mistakes made by the
models.

UniC Emotion Prolific Emotions Original Text Neutral Text Emotional Text UniC Pred. Prolific Pred.
contentment {joy: 1, contentment: 2,

surprise: 1, neutral: 1}
about cannibalism trust me this
is a good book we follow our
female main character who is
a literal psychopath and we fol-
low her as she goes after her ex-
lovers kills them and then eats
them

about cannibalism this is a book
we follow our female main char-
acter who is a literal psychopath
and we follow her as she goes af-
ter her ex-lovers kills them and
then eats them

about cannibalism this is a fas-
cinating book we follow our fe-
male main character who is a lit-
eral psychopath and we follow
her with a sense of eager curios-
ity as she confidently goes af-
ter her ex-lovers, kills them with
chilling precision, and then eats
them. Each page unfolds her un-
nerving world in a strangely sat-
isfying way.

surprise contentment

contentment {neutral: 5} noticed that I personally have
a preference for like the more
like silly light-hearted stories as
opposed to beach read which
falls more into like the sweep-
ing emotional side of things

noticed that I personally have
a preference for the more silly,
light-hearted stories as opposed
to beach read which falls more
into the sweeping emotional
side of things

I have a preference for stories
that are more light-hearted, the
kind that bring a gentle smile
or a comforting warmth, as op-
posed to ‘Beach Read,’ which
falls more into the sweeping
emotional side of things.

contentment contentment

Table 10: An example annotation from the dataset illustrating the original, neutralized, and emotionally enriched
texts, along with their corresponding emotion labels and model predictions. The yellow highlights indicate
emotionally salient cues and are shown solely for clarification purposes in these two samples. For text generation
and emotion prediction, we used GPT-4.1.

“comforting warmth”. In this case, GPT-4.1 predic-
tions for both UniC and Prolific annotated samples
consistently yield contentment. This consistency
suggests that when emotional cues are explicit and
thematically congruent, model predictions remain
stable.

6 Conclusion

In this work, we proposed a semantic, VAE-based
evaluation framework for assessing LLMs’ emo-
tional intelligence across emotion understanding,
generation, and internal consistency. Through a
comprehensive analysis of the UniC dataset and a
model-generated dataset annotated by human eval-
uators, we showed that strong emotion understand-
ing does not necessarily imply accurate emotion
generation. Our results, supported by a correlation
analysis, highlight emotion generation as a distinct
and more challenging capability, motivating the
need for dedicated evaluation protocols beyond tra-
ditional understanding-based metrics.

7 Future Work

In future work, we plan to include a sensitivity
analysis and a discussion on how slight variations

in neutralization and emotion reinjection prompts
could impact the final scores. Moreover, the cur-
rent framework depends on human annotators to
compute GERS and EGS, which may limit its scal-
ability to larger datasets. To address this, future
research could explore automated evaluators that
reduce annotation costs while maintaining reliable
assessment quality. Additionally, other embedding
methods, such as transformers or word vectors,
should be tested for constructing the cost matrix,
as our current experiments only used VAE-based
embedding vectors for each emotion label.
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Limitations

Our evaluation is limited to a fixed emotion tax-
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which can introduce noise into the annotation pro-
cess.
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A Prompts

Box A.1: Emotion Neutralization Prompt

Objective. This prompt removes emotional expres-
sions from a text while preserving semantic content,
structure, and linguistic properties.

Prompt Template.
Your task is to neutralize the text by
removing emotional expressions.
The text is a transcription of a video and
may contain emotional cues.

The output text must:
– be emotionally neutral,
– remain in the same language,
– preserve the original format, style, tone,
and context,
– and differ from the input as little as
possible.

Please neutralize the following text:
{text}

The original emotion of the text is:
{emotion}.
Ensure that all emotional expressions are
removed.

Return the result in the following JSON
format:

{"neutral_text": "The neutralized text"}

Box A.2: Emotion Reinjection Prompt

Objective. This prompt reintroduces emotional ex-
pressions into a neutral text, targeting a specific emo-
tion while maintaining semantic fidelity.

Prompt Template.
Your task is to make the text more emotional
by adding emotional expressions.
The text is a transcription of a video.

The output text must:
– remain in the same language,
– preserve the original format, tone, and
context,
– and differ from the input as little as
possible.

Do not explicitly mention the target
emotion in the text.

Please add emotional expressions to the
following text:
{text}

The current emotion of the text is neutral.
The target emotion of the text should be:
{emotion}.

Return the result in the following JSON
format:
{"emotional_text": "The emotionalized
text"}
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Abstract

In an era of rapid misinformation spread, LLMs
have emerged as tools for assessing news cred-
ibility at scale. However, the assessments are
influenced by social and cultural biases. Stud-
ies investigating political bias, compare model
credibility ratings with expert credibility rat-
ings. Comparing LLMs to the perceptions of
political camps extends this approach to detect-
ing similarities in their biases. We compare
LLM-generated credibility and bias ratings of
news outlets with expert assessments and strat-
ified political opinions collected through sur-
veys. We analyse three models (Llama 3.3 70B,
Mixtral 8x7B, and GPT-OSS 120B) across 47
news outlets from two countries (U.S. and Ger-
many). We found that models demonstrated
consistently high alignment with expert ratings,
while showing weaker and more variable align-
ment with public opinions. For US-American
news outlets all models showed stronger align-
ment with center-left perceptions, while for
German news outlets the alignment is more
diverse.

1 Introduction

In an era of information abundance, the ability to
assess news credibility and identify media bias has
become a critical competency for informed citizen-
ship (Haider and Sundin, 2022). Yet the volume
of content produced daily overwhelms human fact-
checking capacity (Quelle and Bovet, 2024). This
challenge has grown as misinformation spreads
rapidly on digital platforms, creating what some
scholars call an epistemic crisis in democracies
(Zhang et al., 2025). Simultaneously, large lan-
guage models (LLMs) have emerged as power-
ful tools capable of performing complex evalua-
tive tasks at scale, raising the question of whether
these systems could assist in addressing the cred-
ibility assessment bottleneck (Augenstein et al.,
2024). Research demonstrates that LLMs possess
technical capabilities for media bias detection and

news credibility assessment approaching the per-
formance level of specialized models (Maab et al.,
2024). Models can identify journalistic credibility
signals comparable to human fact-checkers through
zero-shot weak supervision approaches (Leite et al.,
2025). However, these technical capabilities exist
alongside well-documented systematic political bi-
ases in LLMs. LLMs exhibit left-of-center politi-
cal preferences across multiple political orientation
tests (Rozado, 2024), with these biases manifest-
ing not only in the generated content but also its
stylistic dimensions such as lexical polarity and
framing (Bang et al., 2024). Furthermore, LLMs
mostly demonstrate language-dependent variations
in their assessments (Sharma et al., 2025). These
findings raise fundamental questions about whose
perspectives these systems represent when evaluat-
ing news sources. Previous studies analyse a vari-
ety of news outlets by comparing LLMs’ credibil-
ity ratings with expert credibility ratings (Yang and
Menczer, 2025; Loru et al., 2025). However, com-
paring them to perceptions of ideological groups
is crucial for drawing similarities between LLMs
and group biases. This paper addresses this prob-
lem by comparing LLM-generated credibility and
bias ratings of news outlets against both expert as-
sessments and politically stratified public opinion
from survey data. Ideological viewpoints and me-
dia agenda are shaped by national environments
and therefore need to be analysed separately (Vu
et al., 2019). We investigate and compare the me-
dia environments of the U.S. and Germany. We
evaluate Llama-3.3-70B-Instruct (Llama), Mixtral-
8x7B-Instruct-v0.1 (Mixtral), and GPT-oss-120b
(GPT) across 47 news outlets. Using 22,560 sys-
tematically varied prompts, we investigate how
model selection, prompt language, and prompt-
ing style affect rating consistency and accuracy.
Furthermore we evaluate to what extent model-
generated ratings of news outlets align with human
ratings of news outlets across different political
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camps and national contexts. Thus the following
research questions are formulated:

1. How do factors such as model selection,
prompt language, and prompting style affect
the consistency and accuracy of LLMs’ rat-
ings of the political bias and credibility of
news outlets? (RQ1)

2. To what extent do LLM-generated ratings of
the political bias and credibility of news out-
lets align with public perceptions from dif-
ferent political camps and expert opinion for
different national media ecosystems? (RQ2)

2 Related Work

The existing literature reveals a critical disconnect
between three well-established but largely isolated
research streams. The first research stream in-
vestigates political and cultural biases in LLMs,
and shows that LLMs predominantly exhibit left-
leaning orientations (Rozado, 2024; Peng et al.,
2025; Jakob et al., 2025), Western cultural pref-
erences (Tao et al., 2024) and output variations
depending on the prompt language (AlKhamissi
et al., 2024; Sharma et al., 2025). The second
stream explores LLMs’ technical capabilities for
media bias detection and news credibility assess-
ment (Maab et al., 2024; Leite et al., 2025). The
third stream documents a substantial divergence
between LLM judgments and human values across
different demographic groups (Hadar-Shoval et al.,
2024; Santurkar et al., 2023), with standard align-
ment methods systematically underrepresenting mi-
nority perspectives (Chakraborty et al., 2024).

Further complicating this picture, prompting
variations including language choice, question for-
mat, and template design also dramatically affect
LLM outputs (Errica et al., 2024; Röttger et al.,
2024). However, these research streams have re-
mained largely compartmentalised. While Yang
and Menczer (2025) and Loru et al. (2025) exam-
ined LLM news credibility ratings at scale, they
focused primarily on English-language contexts
and did not systematically compare ratings across
different political camps within human populations.
Rotaru et al. (2024) provided initial evidence that
LLMs favor left-leaning outlets, but their study was
limited to a small number of sources and did not
examine how prompt language or model selection
affects these patterns.

Three influential variables emerge that should be
taken into account when evaluating political bias:

(1) model selection, given that different models
exhibit varying degrees of political bias and align-
ment approaches (Peng et al., 2025; Aldahoul et al.,
2025); (2) prompt language, given evidence that
query language determines information retrieval
and cultural alignment (Sharma et al., 2025; Wang
et al., 2025); and (3) prompting style, given ex-
treme sensitivity to format and template variations
(Errica et al., 2024; Zhuo et al., 2024).

Furthermore, existing cross-national research on
LLMs’ political bias (Motoki et al., 2024; Batzner
et al., 2024; Rettenberger et al., 2024), has focused
on general political positioning rather than specifi-
cally examining news credibility assessment across
different national media ecosystems. The literature
also lacks systematic comparison of LLM ratings
with politically diverse human populations as most
studies either compare against expert consensus
(Yang and Menczer, 2025) or examine aggregate
human preferences without political stratification.

3 Methods

3.1 Dataset

First, we built a dataset which consists of news-
outlets paired with human ratings of the news out-
lets’ bias and credibility. We wanted to examine
two types of human assessment: expert opinion
and sets of public opinions, in order to be able to
compare the model correlation with experts to the
model correlations with different public opinion
groups.

Therefore surveys had to not only contain an av-
erage of how people rate news outlets, but surveys
where people from all major political camps were
able to anonymously state their opinion on news
outlets from left, center and right. The survey had
to not only indicate the proportion of respondents
from each political camp, but also specifically pro-
vide the results for each political camp.

The expert opinion component was chosen to
evaluate which model aligns most with expert rat-
ings. The expert source had to cover a broad spec-
trum of German and US-American news sources,
both in terms of political orientation and credibil-
ity. That was a condition for being able to detect
different alignments and for comparisons between
countries.

As the dataset was constructed using four differ-
ent sources the terminology for the concept of cred-
ibility differs. Credibility is used as an umbrella
term for factual reporting (mbfc), trustworthiness
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(YouGov), and quality (Medienkompass).
For the news outlets from the USA two surveys

were selected, one survey, AllSides (AllSides Staff,
2024), covered political bias of news outlets from
the USA and the other survey, YouGov (YouGov,
2025c), evaluated trustworthiness of news outlets
from the USA. Both surveys distinguished between
three political camps, namely Democrats, Indepen-
dents and Republicans.

For Germany the survey Medienkompass (Medi-
enkompass.org, 2025c) was selected which covered
both political bias and quality of German news out-
lets and distinguished between seven different po-
litical camps, namely "Liberal-left", "Conservative-
left", "Liberal-right", "Conservative-right", "High
agreement with mainstream media, "Critically-
distanced towards mainstream media" and "Reject-
ing mainstream media".

The fact-checking website Media Bias/Fact
Check (mbfc) (Media Bias/Fact Check, 2025a),
where experts rate the political bias and factual
reporting of news outlets, was selected to serve as
the expert opinion for both countries. Mbfc offers
the largest dataset covering biased and low factual
news sources (Weld et al., 2021), which was an
important criteria as ratings for high and low credi-
bility news outlets and right, center and left news
outlets from both Germany and the USA needed
to be present in the expert opinion to being able to
detect different alignments and compare between
countries.

The final dataset was constructed in the follow-
ing way: For the USA we first took all news outlets
from the YouGov survey as a basis, because that
was the data most difficult to find. The YouGov
survey contains 52 news outlets. Then we searched
for the names of the news outlets that were present
in the YouGov survey and checked which is the
most recent AllSides survey where the news out-
let was evaluated. After this step 27 news outlets
remained. Then we searched Media Bias / Fact
Check for the news outlets so that each news outlet
has an expert opinion. We were able to find all
of the remaining news outlets on mbfc and so the
amount of news outlets stayed at 27. For Germany
we checked mbfc for available data for the news
outlets present in the Medienkompass survey. For
the 40 news outlets in the Medienkompass survey
we were able to find expert ratings from mbfc for
20 of these news outlets. In Figure 1 the dataset
creation process is visualized. The process is to be
read from left to right, showing which data source

Figure 1: Overview of the dataset creation process,
showing the survey sources for the public opinion on
the left side and the expert source on the right and how
the final number of newsoutlets was reached

was processed after another and how many news
outlets remained after each step. In total 47 news
outlets were analyzed of which 20 are from Ger-
many and 27 from the USA.

In Appendix A a list of the news outlet names
is provided. The dates of the ratings range from
2022 to 2025 for US-American news outlets and
from 2019 to 2025 for German news outlets. Re-
search suggests that the bias and factualness of a
news source are unlikely to change over time (Weld
et al., 2021; Bozarth et al., 2020), so the ranges are
acceptable. In Appendix B detailed background
information on the used data sources can be found.

In Table 1 and 2 you can see the political bias
and credibility label distributions of the selected
news outlets based on the expert ratings from
mbfc. News outlets with left (47%), center (15%)
and right (38%) bias as well as with low (26%),
medium (32%) and high (43%) quality are repre-
sented in the final dataset. The distributions split
by country can be found in Appendix C as well as a
Chi-square test in Appendix D which showed that
there are no significant bias-factual reporting label
distribution differences between Germany and the
USA.

3.2 Model selection

Three models were selected: Llama-3.3-70B-
Instruct (Grattafiori et al., 2024), Mixtral-8x7B-
Instruct-v0.1 (Jiang et al., 2024) and GPT-oss-120b
(OpenAI et al., 2025), that were later prompted in
order to generate ratings of the political bias and
credibility of news outlets. These models were
chosen to represent both state-of-the-art capabili-
ties and widespread adoption in both research and
practical applications, while ensuring geographic
diversity with representation from both the United
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Label Ct. Group Ct. %

Left 4 Left 22 47Left-Center 18

Least Biased 7 Center 7 15

Right-Center 11
Right 18 38Right 6

Extreme Right 1

Table 1: Label distribution by political bias of the
news outlets in the final dataset based on expert ratings.

Label Ct. Group Ct. %

Very High 1 High 20 43High 19

Mostly Factual 15 Medium 15 32

Mixed 10 Low 12 26Low 1
Very Low 1

Table 2: Label distribution by factual reporting of the
news outlets in the final dataset based on expert ratings.

States and Europe. All three models are available
as open-weight models, facilitating reproducibility
and broad accessibility for the research community.
The models were prompted via API calls using the
platform “IONOS AI Model Hub” IONOS (2025).
Version control was managed through GitHub to
ensure reproducibility and transparency of the ex-
periment pipeline (Sandve et al., 2013; Danchev,
2022). All code used for generating the results
can be found in this GitHub repository https:
//github.com/XplaiNLP/news_credibility.

3.3 Prompt Design
For the prompt design the LLMs were queried
about one parameter, either political bias or cred-
ibility, per prompt. This ensures that the model
evaluates each construct independently, without
being influenced by the presence of another eval-
uative dimension (Stureborg et al., 2024). The
surveys completed by humans are based on ordi-
nal scales but with varying constructs and number
of scale points. Thus, for comparibility we use
the survey specific scale and adjust the prompts
accordingly. An overview of the different scales
can be found in Appendix E. We use two different
prompts so that prompt specific influence can be
reduced. The “rate” variation is just a simple and
intuitive phrasing: “Rate the news outlet ’{newsout-
let}’ from {country} regarding its political bias on
the following scale:”. The “opinion” variation is
based on Faulborn et al. (2025), which discovered

that different phrasings of an evaluation task can
produce more or less biased answers. From that pa-
per a prompt version was selected that showed low
bias and sounded natural instead of one of the ver-
sions that created particularly biased answers. This
is the “opinion” variation of the task: “Please give
me your opinion on the news outlet ’{newsoutlet}’
from {country} regarding its political bias on the
following scale:”. Also every prompt was trans-
lated so that there was always a German and an
English version of each prompt. Each prompt was
repeated ten times to systematically assess the con-
sistency and confidence of the model’s responses
across identical queries (Wang et al., 2024). The
model’s temperature was set to 0 to further ensure
consistency. To avoid introducing framing bias, no
role instruction (e.g., “You are an expert/journal-
ist”) was included in the prompt, ensuring that the
model’s response reflected its uninfluenced base-
line perspective (Kamruzzaman and Kim, 2025).
We included specifications on the output format
in the prompt. In Listing 1 an example of a final
prompt template can be seen. An example of a
json instance from the output file can be seen in
Appendix F. An overview of all prompt template
categories is displayed in Appendix G as well as
the full text version of all prompts in Appendix M.

1 return [
2 {
3 "role": "user",
4 "content": f""" Rate the news

outlet '{newsoutlet}' from
{country} regarding its
political bias on the
following scale:

5 - left
6 - lean left
7 - center
8 - lean right
9 - right

10

11 Return ONLY this JSON (no extra
text):

12 {{" reasoning_political_bias ":
"<short reasoning >",
"label_political_bias ":
"<EXACTLY one of: left , lean
left , center , lean right ,
right >"}}

13 """
14 }
15 ]

Listing 1: Example of prompt template (evaluated
parameter: political bias, language: English, style: rate,
scale: AllSides survey, country: USA),label=lst:prompt-
template-political-bias
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3.4 Evaluation Methods

3.4.1 Consistency and Accuracy Analysis

In order to examine potential effects of prompt
style and prompt language on the LLMs’ responses
a consistency analysis and an accuracy analysis
are performed. For the consistency analysis an
agreement rate is calculated for each item as the
proportion of responses matching the majority vote
(Hallgren, 2012). Specifically, for each set of re-
peated model queries, the most frequent response
is identified, and the agreement rate represents the
proportion of total responses that match the ma-
jority vote. Higher agreement rate values indicate
greater response consistency.

Non-parametric analyses were applied because
the distribution of the data is unknown or not neces-
sarily normally distributed. While non-parametric
tests are slightly less powerful than their para-
metric counterparts, they are statistically sound
also when the underlying distribution is unknown
(Dror et al., 2018). Another reason why non-
parametric analysis methods were chosen is be-
cause the scales in the dataset are ordinal in na-
ture, consisting of named and ranked categories
for which equal distances between scale points
cannot be assumed (Stevens, 1946). The follow-
ing three non-parametric tests were selected. The
Kruskal-Wallis test was used to determine whether
any differences among models exist based on the
test statistic H, which is calculated using the sum
of ranks within each group, quantifying the extent
to which these ranks differ among the groups (Tom-
czak and Tomczak-Łukaszewska, 2014; Chicco
et al., 2025). It is commonly regarded as an ex-
tension of the Mann–Whitney U test, which is re-
stricted to comparisons between two groups. The
Mann-Whitney U test was used to determine which
specific pairs of models differ. It evaluates the
ranks of the data, examining whether one group
systematically exhibits higher or lower ranks than
the other, using the U statistic which is calculated
based on the sample sizes of the two groups and
the sum of ranks in the first group (Chicco et al.,
2025; Dror et al., 2020). The Rank-Biserial effect
size measure was used to quantify the magnitude
of the difference between two models.

The rank-biserial correlation represents the dif-
ference between the proportion of favorable com-
parisons (where values from one group exceed
those from the other) and unfavorable compar-
isons. The test statistic is calculated using the U

statistic and the sample sizes of the two groups
(Tomczak and Tomczak-Łukaszewska, 2014; Cure-
ton, 1956; Glass, 1965). A similar approach has
been demonstrated in a recent comprehensive guide
where Kruskal–Wallis followed by Mann-Whitney
U for post-hoc comparisons across multiple med-
ical datasets were applied to test for significant
differences (Chicco et al., 2025). Evaluating model
consistency is important for the evaluation of the
reliability of LLMs which was demonstrated by the
analysis of Lee et al. (2024).

However, a model can show high consistency
while giving consistently wrong answer. Thus we
also conducted an accuracy analysis examining
the effect of language and prompt style on accu-
racy. These comparisons were performed exclu-
sively on expert opinion ratings, as these represent
the gold standard. For each model and parameter
(bias and credibility), we compared the distribu-
tion of absolute errors between conditions using
the Mann-Whitney U test in combination with the
rank-biserial correlation as an effect size measure.
This approach parallels the methodology used in
the consistency analysis.

3.4.2 Alignment Analysis
To evaluate the model alignment with public and
expert opinion we employed Spearman’s rank cor-
relation coefficient (Spearman, 1904; Zar, 1972), a
non-parametric measure of monotonic association.
Spearman correlation was selected as it is appropri-
ate for ordinal data and does not assume linearity or
normal distribution, making it well-suited for ana-
lyzing ratings on discrete scales (Myers and Sirois,
2004).

For each model the model’s predictions were av-
eraged across all prompt and language variations
for each news outlet, then these model-specific
news outlet ratings were correlated with the human
ratings from experts and political camps. Because
each model’s predictions were compared against
multiple political camp columns, Bonferroni cor-
rection was applied to control for family-wise er-
ror rate across multiple comparisons (Bonferroni,
1936; Dunn, 1961). The significance threshold α
was adjusted for each set of comparisons to the
amount of political camps that model values were
compared to. The exact α values are stated in the
tables 4, 5, 6 and 7. This conservative correction re-
duces the probability of Type I errors when conduct-
ing multiple hypothesis tests on the same dataset
(Armstrong, 2014).
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4 Results

Before conducting the main analysis a preliminary
analysis was conducted exploring success rates and
prior model familiarity with the dataset. The great-
est influence on the success rates (the proportion
of valid labels generated relative to the total num-
ber of queries) was the choice of model, whereas
dataset, parameter, language, and prompt style had
less influence. Llama showed 100% success rate
without any complications. For Mixtral the average
initial success rate was 98.9% and most null labels
resulted from not adhering to the given label scale.
For GPT the average initial success rate was 91.3%
and all null labels were due to the model refusing
to answer the prompt, including both capability-
based refusals (e.g. knowledge gaps) and safety-
based refusals (e.g. guardrails). For Mixtral non-
conforming or missing labels could all be resolved.
For GPT 68 null labels remained. As each prompt
template was repeated 10 times, cases where at
least one valid label was generated for a specific
news outlet were not counted as a refusal. Com-
plete refusal was observed in 5 cases. A detailed
overview of the success rates, null labels and re-
fusals can be found in Appendix H.

LLMs could be aware of expert ratings because
they may have been present in their training data.
Investigating this possibility, we systematically
searched for mentions of our data sources in the
generated outputs. For GPT there were 1,8%
of reasonings that contained at least one of the
dataset names (Allsides 45 times and mbfc 88
times). Other dataset names were found within
those 78 reasonings for which we then also specifi-
cally searched in the outputs: Deutscher Presserat
(1), Correctiv(4), Reporters without Borders(1),
FactCheck.org(2), Ad Fontes Media(3), Snopes(7),
PolitiFact(1) and Pew Research Center(1).

For Llama 0,04% of reasonings contained at
least one of the dataset names (Allsides 1 time
and mbfc 3 times). NewsGuard (6) and Pew Re-
search Center (4) were other dataset names which
were found. For Mixtral there were no reasonings
in which dataset names were included.

4.1 Consistency and Accuracy Analysis (RQ1)

The results of the consistency analysis show that
Mixtral achieved the highest consistency (0.9789),
followed by Llama (0.9538), and GPT showing
notably lower consistency (0.8715) (see Table 3).

The Kruskal-Wallis test confirmed significant

Model Consistency

Mixtral-8x7B-Instruct-v0.1 0.9789
Llama-3.3-70B-Instruct 0.9538
GPT-oss-120b 0.8715

Table 3: Model overall consistency scores.

differences between models across all settings.
Pairwise comparisons revealed that Mixtral and
Llama performed comparably, showing no signifi-
cant differences in most scenarios except for one
scenario. In contrast, GPT consistently underper-
formed relative to both Mixtral and Llama, with
significant differences ranging from small to large
effect sizes across all comparisons. Prompt lan-
guage effects, by comparison, were limited and in-
consistent. These effects were model-specific and
lacked a consistent pattern. For instance, Llama
performed more consistent when using German
prompts, while GPT and Mixtral were more con-
sistent with English prompts with effect sizes rang-
ing from negligible to small. Prompting style had
the least influence on consistency, with significant
differences appearing in only two scenarios, both
favoring the "rate" style for Llama and Mixtral,
though with negligible effect sizes.

The influence of prompt language and prompt
style on accuracy was limited. For the prompt lan-
guage one significant effect was observed. GPT
was returning significantly more accurate results
when the prompt was written in English with a
small effect size, when rating news outlets on their
factual reporting. For the prompt style no signif-
icant effects were observed. In the Appendix I
you can find the detailed results of the statistical
tests. In summary, the results addressing research
question RQ1 reveal that model selection is the
primary determinant of rating consistency, while
prompt language and prompting style have minimal
influence on both consistency and accuracy.

4.2 Alignment Analysis (RQ2)

The tables 4, 5, 6 and 7 describe how model ratings
correlate with expert opinion and public opinions
as well as how expert opinion correlates with pub-
lic opinion. For bias ratings of US news outlets
(Table 4), models exhibited statistically significant
alignment with all political camps, though align-
ment was stronger with Democrats and Indepen-
dents (p = 0.74-0.76) than with Republicans, while
expert alignment (p = 0.83-0.85) exceeded align-
ment with any political camp. Democrats exhibited
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Figure 2: Model ratings vs. Expert ratings of news outlet. Model ratings are represented in blue, while human
expert ratings are represented in red. Per model there is a separate chart for Germany and the USA.

the strongest correlation with expert opinions (p =
0.86), closely followed by Independents (p = 0.85),
at a level comparable to the alignment between
model ratings and expert ratings. For credibility
ratings of US outlets (Table 5), alignment with pub-
lic opinion was notably weak (p = 0.23-0.44), with
the strongest correlations observed for Democrats
(p = 0.36-0.44), no significant correlation with In-
dependents, and a negative correlation between
Llama and Republicans (p = -0.24), whereas expert
alignment (p = 0.80-0.84) remained substantially
higher. Independents exhibited the strongest cor-
relation with expert opinions, closely followed by
Democrats (p = 0.77 and p = 0.72) which is slightly
lower than the alignment between model ratings
and expert ratings (p = 0.80-0.84). There was no
significant correlation between Republicans and
Experts (p = -0.47).

For German media all model-generated bias rat-
ings of news outlets (Table 6) show very high align-
ment with all political camps (p = 0.89-0.97) with
minimal variation between ideological groups. Ex-
pert alignment (p = 0.93-0.97) only marginally
exceeds public alignment. People agreeing with
and being critical of mainstream media exhibited
the strongest correlation with expert opinions (p =
0.938), closely followed by conservative left peo-
ple (p = 0.936) and liberal left people (p = 0.933)

which is close to the alignment between model
ratings and expert ratings (p = 0.93-0.97).

Model-generated credibility ratings (Table 7)
demonstrated weak alignment with public percep-
tions, with fewer significant correlations across
models (GPT: conservative left, Llama: critical
towards mainstream media, Mixtral: five of seven
camps). Expert alignment (p = 0.86-0.93) remained
substantially higher than alignment with public
opinion. People agreeing with mainstream me-
dia exhibited the strongest correlation with expert
opinions (p = 0.86), closely followed by liberal
left people (p = 0.83) which is slightly lower than
the alignment between model ratings and expert
ratings (p = 0.86-0.93). The other significant cor-
relations for conservative left, liberal right people
and people critical of mainstream media ranged
from p = 0.62 to p = 0.69. There was no significant
correlation between conservative right people and
people who reject mainstream media and Experts.
In Appendix K and L the proximity of expert opin-
ion, public opinion and model opinion to each other
is displayed.

A visualization of the model ratings in contrast to
the human expert ratings can be found in Figure 2.
Each panel plots news outlets on two dimensions:
political bias on the x-axis, ranging from "Extreme
left" to "Extreme right" and factual reporting on the
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Exp. Dem. Ind. Rep.

Mixtral 0.826* 0.748* 0.747* 0.681*
Llama 0.851* 0.760* 0.740* 0.704*
GPT 0.837* 0.724* 0.760* 0.665*

Experts – 0.858* 0.848* 0.752*

Table 4: USA Bias Ratings: Spearman correlations
between model ratings and MBFC expert ratings vs. hu-
man ratings from political camps (Democrats, Indepen-
dents, Republicans). Models vs. Experts: Bonferroni
correction: α = 0.05/1 = 0.0500; vs. political camps:
Bonferroni correction: α = 0.05/3 = 0.0167. The "Ex-
perts" row shows correlations between MBFC expert
ratings and AllSides ratings from survey participants
split by political camp. * indicates statistical signifi-
cance.

Exp. Dem. Ind. Rep. Total

Mixtral 0.841* 0.427* 0.081 -0.043 0.233*
Llama 0.806* 0.360* -0.050 -0.243* 0.083
GPT 0.802* 0.443* 0.139 -0.013 0.263*

Experts – 0.718* 0.772* -0.468 0.702*

Table 5: USA Credibility Ratings: Spearman correla-
tions between model ratings and MBFC expert ratings
vs. human ratings from political camps (Democrats,
Independents, Republicans). Models vs. Experts: Bon-
ferroni correction: α = 0.05/1 = 0.0500; vs. political
camps: Bonferroni correction: α = 0.05/4 = 0.0125.
The "Experts" row shows correlations between MBFC
expert ratings and AllSides ratings from survey partic-
ipants split by political camp. * indicates statistical
significance.

y-axis, spanning from "Very Low" to "Very High".
Model ratings are represented by the blue news
outlet names, while human expert ratings are rep-
resented by the red news outlet names. For every
model there is one panel for the 20 news outlets
from Germany and one panel for the 27 news out-
lets from the USA. Based on the visualizations we
observe that model predictions exhibit greater dis-
persion across both the bias and factual reporting
dimensions compared to expert ratings. In Ap-
pendix J a simplified display of the data points is
provided for better understanding.

In summary, the results addressing research
question RQ2 reveal that LLM-generated ratings
align significantly stronger with expert opinion
than with political camps across both countries,
particularly for credibility assessments. Models
show stronger alignment with political camps when
rating bias than credibility for both countries. Ger-
many exhibits greater consensus across political

camps whereas the USA shows more polarization,
with Republicans diverging most from model and
expert assessments.

5 Discussion

The strong alignment between LLM ratings and
expert assessments (Spearman correlations: 0.80-
0.97) could indicate LLMs being strong evaluators,
but must be taken with caution, as we found that
two of three models saw the expert ratings during
training. We don’t know whether high correlation
with expert assessment stems from a match to a
single dataset present in training data or actually
reflects LLM’s evaluation based on various sources.

Our results indicate that expert, public, and
model opinions on the bias parameter largely con-
verged, thereby limiting the potential to observe
meaningful patterns.

Comparing credibility perceptions of political
camps and experts, we observe a higher correlation
between expert and left-leaning camps compared
to experts and right-leaning camps. LLMs evalu-
ations mirror this relationship by showing higher
correlations with the left than the right. Thus,in this
experiment setting, one could argue that predomi-
nantly left-leaning political bias in LLMs does not
arise from the model’s stance but from its proximity
to supposed expert opinions. The only exception
to this observation was Llama evaluating the credi-
bilty of German news outlets where Llama showed
stronger correlations with liberal right than with
liberal left and conservative left people. For the
USA however, Llama clearly aligned stronger with
the Democrats even showing a negative correla-
tion with Republicans. Models in general showed
stronger alignment with left political camps in the
USA than with left political camps from Germany,
potentially indicating that U.S.-centric definitions
of left–right ideology were applied when evalu-
ating German news outlets. Correlation values of
political camps from Germany cluster more closely,
whereas those for the United States are more dis-
persed. This may reflect greater consensus among
political camps in Germany compared to stronger
polarization in the United States.

6 Conclusion

This work investigated how LLMs perceive and
rate the credibility and political bias of news out-
lets compared to human assessments, examining
three state-of-the-art models across 47 news outlets
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Experts lib. left cons. left lib. right cons. right agree critical reject avg.

Mixtral 0.933* 0.920* 0.911* 0.938* 0.893* 0.927* 0.928* 0.920* 0.927*
Llama 0.958* 0.966* 0.949* 0.956* 0.922* 0.969* 0.972* 0.938* 0.973*
GPT 0.966* 0.949* 0.943* 0.929* 0.900* 0.950* 0.950* 0.903* 0.953*

Experts – 0.933* 0.936* 0.922* 0.916* 0.938* 0.938* 0.892* 0.937*

Table 6: Germany Bias Ratings: Spearman correlations between model ratings and MBFC expert ratings vs. human
ratings from political camps (liberal left, conservative left, liberal right, conservative right, agree with mainstream
media, critical of mainstream media, reject mainstream media). Models vs. Experts: Bonferroni correction:
α = 0.05/1 = 0.0500; vs. political camps: Bonferroni correction: α = 0.05/8 = 0.0063. The "Experts" row
shows correlations between MBFC expert ratings and Medienkompass ratings from survey participants split by
political camp. * indicates statistical significance.

Experts lib. left cons. left lib. right cons. right agree critical reject avg.

Mixtral 0.860* 0.775* 0.795* 0.685* 0.493 0.783* 0.804* 0.174 0.780*
Llama 0.925* 0.453 0.536 0.574 0.512 0.453 0.613* 0.425 0.507
GPT 0.917* 0.585 0.679* 0.377 0.197 0.507 0.580 0.358 0.540

Experts – 0.825* 0.656* 0.622* 0.396 0.856* 0.691* -0.078 0.766*

Table 7: Germany Credibility Ratings: Spearman correlations between model ratings and MBFC expert ratings
vs. human ratings from political camps (liberal left, conservative left, liberal right, conservative right, agree with
mainstream media, critical of mainstream media, reject mainstream media). Models vs. Experts: Bonferroni
correction: α = 0.05/1 = 0.0500; vs. political camps: Bonferroni correction: α = 0.05/8 = 0.0063. The
"Experts" row shows correlations between MBFC expert ratings and Medienkompass ratings from survey participants
split by political camp. * indicates statistical significance.

from Germany and the USA. We found that mod-
els demonstrated consistently high alignment with
expert ratings, while showing weaker and more
variable alignment with public opinion. The find-
ing is limited to the scope of this experiment and
should not be generalized without further investiga-
tion as expert and public opinion data sources may
be included in the LLM’s training data. For US-
American news outlets all models showed stronger
alignment with center-left perceptions. For Ger-
man news outlets the alignment is more diverse.
Addressing LLM’s political biases, we observe that
a higher correlation with left compared to right
camps could stem from the appropriate alignment
with experts rather than the model’s actual opinion
on a news outlet. Future research should investi-
gate whether high correlation with expert assess-
ment could stem from training data contamination
or actually reflects LLM’s evaluation.

7 Limitations

Several limitations should be considered when in-
terpreting the findings of this work.

The dataset incorporates ratings with temporal
ranges spanning 2019-2025 for German outlets and
2022-2025 for US-American outlets. While re-
search suggests that bias and factualness of news

sources remain relatively stable over time, this as-
sumption may not hold for all outlets, particularly
those experiencing editorial changes, ownership
transitions, or shifts in political climate, thus tem-
poral validity might be limited.

Different scales were employed for expert opin-
ion versus public opinion assessments e.g. factual
reporting, trustworthiness and quality for credibil-
ity as well as different political bias granularities.
Although all scales were ordinal and thus compa-
rable through rank correlation, the scale hetero-
geneity may have limited the comparability across
scales.

Preliminary analysis revealed that GPT showed
evidence of prior familiarity with evaluation
sources, particularly Media Bias/Fact Check (men-
tioned in 1.8% of reasonings). While this repre-
sents a small proportion of total responses, it raises
questions about whether observed alignments re-
flect genuine evaluative capabilities or retrieval of
memorized assessments. The extent of contamina-
tion for Llama (0.04%) was minimal, while Mixtral
showed no explicit evidence, though absence of ev-
idence does not confirm absence of exposure.

German prompts proved more challenging for
models, particularly GPT, resulting in lower suc-
cess rates (89.0% vs. 93.6% for English) and
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more refusals. This suggests that findings may not
generalize equally across languages, and models’
capabilities may vary substantially depending on
language-specific training data distributions. The
reliance on json output formatting and specific label
schemas may have introduced additional cognitive
load that affected model performance differently
across conditions.

This work examined only three models and two
countries, limiting generalizability to other model
architectures especially smaller or proprietary mod-
els and to other media ecosystems particularly non-
Western democracies, authoritarian regimes, or de-
veloping nations with different media trust dynam-
ics.

The German public opinion survey (Medienkom-
pass) did not report demographic distribution per-
centages for political camps, making it difficult to
assess representativeness. Additionally, the cate-
gorization scheme differed substantially between
countries as for the USA the studies divided par-
ticipants by party affiliation whereas for Germany
participants were divided by ideological orientation
and attitude towards mainstream media, complicat-
ing direct cross-national comparisons.

Media Bias/Fact Check uses a political bias scale
that was developed primarily for the US context,
which may not fit well with the German political
landscape. What counts as "left" or "right" differs
between countries as Germany has a multiparty
system with proportional representation, while the
USA has a two-party system. This means that ap-
plying mbfc’s standardized seven-point scale to
German news outlets might lead to inaccurate or
misleading ratings. This limitation is particularly
important because it affects how reliable the ex-
pert ratings are as a gold standard for German
outlets. While mbfc was the most comprehensive
source available that covered news outlets from
both countries, future research would benefit from
using country-specific expert rating systems that
better reflect each nation’s unique political cate-
gories.
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A List of news outlet names with expert labels

News Outlet Country Bias Factual Reporting

Zeit Germany Left-Center High
Spiegel Germany Left-Center High
Cicero Germany Right-Center Mostly Factual
Tichys Germany Right Mixed
Süddeutsche Germany Left-Center High
BILD Germany Right-Center Mixed
Deutschlandfunk Germany Least Biased High
Handelsblatt Germany Right-Center High
ARD Germany Least Biased High
ZDF Germany Least Biased High
Die Welt Germany Right-Center High
Frankfurter Rundschau Germany Left-Center High
FAZ Germany Right-Center High
taz Germany Left Mostly Factual
neues Deutschland Germany Left Mostly Factual
junge Welt Germany Left Mixed
Compact Germany Extreme right Very Low
indymedia Germany Left-Center Mixed
NTV Germany Right-Center Mostly Factual
RTL Germany Least Biased Mostly Factual
ABC USA Left-Center High
Axios USA Left-Center High
BBC USA Left-Center High
Breitbart News USA Right Mixed
Business Insider USA Left-Center Mostly Factual
CNBC USA Left-Center Mostly Factual
CNN USA Left-Center Mostly Factual
Forbes USA Least Biased Mostly Factual
Fox Business Channel USA Right-Center Mixed
Fox News USA Right Mixed
MSNBC USA Left Mixed
NPR USA Left-Center High
National Review USA Right Mostly Factual
NBC USA Left-Center High
New York Post USA Right-Center Mixed
Newsmax USA Right Low
Newsweek USA Right-Center Mostly Factual
Politico USA Left-Center High
PBS USA Left-Center High
Reuters USA Least Biased Very High
The Associated Press USA Left-Center High
The Daily Caller USA Right Mixed
The Hill USA Least Biased Mostly Factual
The Wall Street Journal USA Right-Center Mostly Factual
The Washington Examiner USA Right-Center Mostly Factual
The Washington Post USA Left-Center Mostly Factual
TIME Magazine USA Left-Center High

Table 8: News outlet names with bias and factual reporting labels by experts from Media Bias/Fact Check.
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B Datasource Details

Media Bias/Fact Check (mbfc) is a fact-checking
website, where experts rate the political bias and
credibility of news outlets, and was selected to
serve as the expert opinion. The ratings are
available online https://mediabiasfactcheck.
com/. mbfc is an US-American website established
in 2015 by Dave M. Van Zandt that evaluates news
outlets’ political bias and factual reporting accu-
racy (Media Bias/Fact Check, 2025a). The plat-
form employs a hybrid methodology combining
objective measures and subjective analysis to assess
sources across four primary categories: wording
and headlines, fact-checking and sourcing, story
selection, and political affiliation ((Larsen et al.,
2023), (Barclay, 2018)). The methodology requires
evaluation of a minimum of ten headlines and five
full news stories per source, with fact checks con-
ducted by independent reviewers affiliated with the
International Fact-Checking Network (ifcn). News
sources receive ratings on a seven-point political
bias scale: "Extreme left", "Left", "Left-center",
"Least biased", "Right-center", "Right", and "Ex-
treme right", while the factual reporting six-point-
scale consist of the labels: “Very High”, “High”,
“Mostly Factual”, “Mixed”, “Low”, “Very Low”
(Media Bias/Fact Check, 2025b). Looking at the
scales, the factual reporting ratings can serve as a
credibility measure, as they reflect varying levels of
perceived accuracy and commitment to verifiable
information, which represent key components of
credibility. The dataset used in this work includes
mbfc ratings last updated between May 2023 and
June 2025.

mbfc has been extensively utilized in academic
research examining mainstream media and so-
cial media platforms ((Chołoniewski et al., 2020),
(Rogers, 2021)). Multiple studies have demon-
strated high inter-rater reliability between mbfc
ratings and other independent credibility assess-
ment systems ((Weld et al., 2021), (Broniatowski
et al., 2022)). Despite widespread adoption, mbfc
has received methodological criticism (Funke and
Mantzarlis, 2018). As mbfc also uses subjec-
tive assessments, this may introduce human bi-
ases and inconsistencies ((Wilner, 2018), (Albar-
racin et al., 2021)). Comparative analyses of com-
monly used fact-checking datasets indicate that
despite differences in labeling procedures, valida-
tion methods, and domain coverage, the choice
of one ground truth list over another has only a

limited impact (Bozarth et al., 2020). mbfc offers
the largest dataset covering biased and low factual
news sources (Weld et al., 2021), which was an
important criteria as ratings for high and low credi-
bility news outlets and right, center and left news
outlets from both Germany and the USA needed
to be present in the expert opinion to being able to
detect different alignments and compare between
countries.

For the USA we were not able to find a survey, to
the best of our knowledge, with results for different
political camps in which both political bias and
credibility was examined at the same time. We
found a survey from AllSides for political bias and
a survey from YouGov for credibility.

For the political bias parameter for the pub-
lic opinion for the USA we found a survey type
from AllSides called “AllSides Blind Bias Survey”,
where participants from all sides of the political
spectrum are asked to rate the content of a media
outlet blindly, so they are not influenced by pre-
conceived notions of a brand’s bias (AllSides Staff,
2024). In a Blind Bias Survey, average Americans
across the political spectrum read headlines and
articles from a media outlet and provide an overall
bias rating for the source. Respondents assess a
relatively small snapshot of the source’s content in
time, and the surveys don’t include photos or other
visual elements. Blind Bias Surveys collect the
political leaning of the participant, how each partic-
ipant rates the media outlet, how participants with
different biases (Bias Groups) rate differently, the
average rating from each Bias Group and the aver-
age rating from all participants across the political
spectrum ((AllSides Staff, 2025b), (Gable et al.,
2020)). The scale used to evaluate the political bias
of news outlets was: “Left”, “Lean left”, “Center”,
“Lean right” and “Right”. The results were reported
for three political camps namely Democrats, Inde-
pendents and Republicans. Data from 14 different
Blind Bias Surveys was used for the dataset of this
thesis. The oldest survey used was from February
2022 and the newest survey from May 2025. They
had an average of 841 participants with a minimum
of 434 and a maximum of 1345. AllSides is an
American company founded in 2012 that estimates
the perceived political bias of content on online
written news outlets. AllSides provides Media Bias
Ratings for over 1,400 media outlets and writers
(AllSides Staff, 2025a).
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For the credibility parameter for the USA we
found a survey called “Trust in Media 2025” from
YouGov, where they asked US-citiziens about each
of 52 news sources, including their use of it in
the past month and its trustworthiness. The scale
used to evaluate the trustworthiness of news outlets
was: “Very trustworthy”, “Trustworthy”, “Neither
trustworthy nor untrustworthy”, “Untrustworthy”,
“Very untrustworthy”, “Don’t know”. Looking
at the scale, it is reasonable to use the trustwor-
thiness ratings as a measure of credibility, since
trustworthiness reflects perceived accuracy, relia-
bility, and integrity of news content, which con-
ceptually aligns with the notion of credibility. The
results were reported for multiple different demo-
graphics but the relevant one for this thesis was
“Party ID” which consists of three political camps
namely Democrats, Independents and Republicans
(YouGov, 2025c). The poll was conducted among
2,211 U.S. adult citizens in May 2025. A random
sample (stratified by gender, age, race, education,
geographic region, and voter registration) was se-
lected from the 2019 American Community Survey.
The sample was weighted according to gender, age,
race, education, 2024 presidential vote, 2020 elec-
tion turnout and presidential vote, baseline party
identification, and current voter registration sta-
tus. Baseline party identification is the respon-
dent’s most recent answer given around November
8, 2024, and is weighted to the estimated distribu-
tion at that time (31% Democratic, 32% Repub-
lican). The margin of error for the overall sam-
ple is approximately 3% (Orth and Bialik, 2025).
YouGov is an international Internet-based market
research and data analytics firm headquartered in
the UK founded in 2000 (YouGov, 2025a). YouGov
uses nonprobability sampling to collect data from
specific groups through an online panel of U.S.
adults recruited via advertising and partnerships.
This differs from probability sampling, in which
all people have an equal chance of being selected
into a panel. To ensure representativeness, they
invite targeted panelists, weight responses based
on demographics (age, gender, race, voting his-
tory) using benchmarks from sources like the U.S.
Census, and offer surveys in multiple languages.
Respondents receive points redeemable for money.
They report margins of error to indicate the range
within which results would likely fall if surveying
the entire population rather than a sample (YouGov,
2025b).

For Germany we were able to find a public sur-
vey called Medienkompass that examined both
political bias and credibility. The survey was car-
ried out by Medienkompass.org and the results of
the survey are available online. The results of the
survey were first published in October 2019 but the
website states that the survey is open and will be
updated regularly (Medienkompass.org, 2025c). In
the survey subjects were asked to rate 40 different
German news outlets, both mainstream media and
alternative media, on their partisanship and quality
(Medienkompass.org, 2025a). Participants were
instructed to omit media that they could not eval-
uate or could only evaluate poorly (Medienkom-
pass.org, 2025b). A total of 1151 respondents po-
sitioned the news outlets on the following scales.
For rating the quality of news outlets a 5-point-
scale was used: “Sensationalist/Clickbait”, “Basic
information”, “Meets high standards”, “Analyti-
cal”, “Complex”. For rating the partisanship of
news outlets a 7-point-scale was used: “Extreme
left (fake news and conspiracy theories)”, “Left-
wing mission (questionable journalistic values)”,
“Tending left”, “Minimal bias”, “Tending right”,
“Right-wing mission (questionable journalistic val-
ues)”, “Extreme right (fake news and conspiracy
theories)” (Medienkompass.org, 2025a). Looking
at the scales, it allows for using the partisanship rat-
ings as the political bias parameter and the quality
ratings as the credibility parameter, because the par-
tisanship scale measures the ideological position
and extent of political leaning of an outlet, while
the quality scale reflects editorial standards and ana-
lytical depth. The Medienkompass survey reported
results for seven different political or ideological
camps, differentiating camps into two broader cate-
gories called “mindset” and “agreement” with the
following subcategories and their descriptions:

Mindset:

• Liberal-left (Opinion of participants who are
liberal-left-orientated)

• Conservative-left (Opinion of participants
who are conservative-left-orientated)

• Liberal-right (Opinion of participants who are
liberal-right-orientated)

• Conservative-right (Opinion of participants
who are conservative-right-orientated)

Agreement:
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• High agreement (Opinion of participants who
largely agree with the mainstream media)

• Critically-distanced (Opinion of participants
who are critical of the mainstream media)

• Rejecting (Opinion of participants who largely
reject the mainstream media)

In contrast to the surveys from the USA, political
camps in the Medienkompass survey do not corre-
spond to major political parties, but to more general
ideological orientations. For the category “mindset”
they divided participants into four different camps
using “left” and “right” in combination with “con-
servative” and “liberal”. This corresponds more
closely to Germany’s multiparty system, where
around six major parties have parliamentary repre-
sentation (Inter-Parliamentary Union, 2025). For
the category “agreement” the answer options were
presented to the participants in the following way,
which we included here as the category names itself
are not very telling:

“Which statement would you most agree with:

• I am generally satisfied with the current re-
porting in the mainstream media. Our media
represent freedom of expression, and despite
my critical attitude, I mostly agree with their
reporting.

• I consider the reporting in the mainstream me-
dia to be biased and am critical of it. There
is no such thing as an impartial opinion—our
media landscape is still better than the censor-
ship or conformity of other countries.

• I largely reject the reporting of the main-
stream media and now get my infor-
mation almost exclusively from other
sources(Medienkompass.org, 2025b).

The percentage for the “agreement” category were
19,4% for “Rejecting”, 40,3% for “Critically-
distanced” and 40,3% for “High agreement” (Medi-
enkompass.org, 2025a). The percentage shares for
the “mindset” category were not published. Medi-
enkompass dataset has been used to examine politi-
cal bias in German news before by Aksenov et al.
(2021) and Jakob et al. (2024).
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C Dataset label distribution

Label Ct. Group Ct. %

Germany Distribution ’Bias’

Left 3
Left 8 40Left-Center 5

Least Biased 4 Center 4 20

Right-Center 6 Right 8 40Right 1
Extreme Right 1

Label Ct. Group Ct. %

Germany Distribution ’Factual Reporting’

Very High 0 High 10 50High 10

Mostly Factual 5 Medium 5 25

Mixed 4
Low 5 25Low 0

Very Low 1

Label Ct. Group Ct. %

USA Distribution ’Bias’

Left 1 Left 14 52Left-Center 13

Least Biased 3 Center 3 11

Right-Center 5
Right 10 37Right 5

Extreme Right 0

Label Ct. Group Ct. %

USA Distribution ’Factual Reporting’

Very High 1 High 10 37High 9

Mostly Factual 10 Medium 10 37

Mixed 6
Low 7 26Low 1

Very Low 0

Table 9: Label distributions by political bias and factual
reporting for Germany and USA news outlets
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D Chi-square test of bias-factual reporting distribution differences between Germany
and USA.

Category DE Ct. DE % USA Ct. USA % Diff Total DE Expected USA Expected

Left & High 4 20.0% 8 29.6% -9.63% 12 5.11 6.89
Left & Medium 2 10.0% 4 14.8% -4.81% 6 2.55 3.45
Left & Low 2 10.0% 1 3.7% 6.30% 3 1.28 1.72
Center & High 3 15.0% 1 3.7% 11.30% 4 1.70 2.30
Center & Medium 0 0.0% 3 11.1% -11.11% 3 1.28 1.72
Center & Low 1 5.0% 0 0.0% 5.00% 1 0.43 0.57
Right & High 3 15.0% 0 0.0% 15.00% 3 1.28 1.72
Right & Medium 2 10.0% 4 14.8% -4.81% 6 2.55 3.45
Right & Low 3 15.0% 6 22.2% -7.22% 9 3.83 5.17

Total 20 100% 27 100% 47

Table 10: In order to examine whether there are systematic significant differences in the proportion of e.g., left,
high-factual reporting news outlets between Germany and the USA, counts per bias-factual reporting combinations
were made. For each category, the expected count was calculated, which means the number of news outlets you
would expect to fall into that category if there was no difference between Germany and USA. The following formula
was used: Expected = (Row Total × Column Total) / Grand Total. For example, the expected frequency for "Left &
High" in Germany was calculated as: (Left & High row total) × (Sum of Germany column) / Grand Total. While
there were some numerical differences in the distribution of bias and factual reporting ratings between the German
(n = 20) and US (n = 27) news outlets, a chi-square test revealed these differences were not statistically
significant (χ2, p = 0.19). There is a 19% chance of observing differences this large just by random sampling,
even if Germany and USA truly had identical distributions. Both corpora showed similar overall patterns in terms of
political bias and factual reporting.
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E Overview of rating scales

Figure 3: Overview of rating scales of the individual data sources. As there is a different scale for the political bias
parameter and the credibility parameter for each country’s public opinion and another set of scales for the expert
opinion that sums up to six different scales. In order to ensure comparability between the human assessment results
and the LLMs’ results the original scales from the human assessments were used. We decided to not create one
common scale for political bias and one common scale for credibility but to use exactly the scales presented to the
participants during the surveys. The underlying idea is that alignment between the model’s opinion and human
opinion can only be meaningfully assessed if the model is provided with the same response options as the human
respondents. The scales used for the credibility parameter have other names in the different data sources. It is
reasonable to use the trustworthiness ratings as a measure of credibility, since trustworthiness reflects perceived
accuracy, reliability, and integrity of news content, which conceptually aligns with the notion of credibility. The
quality scale reflects editorial standards and analytical depth and the factual reporting ratings reflect varying levels
of perceived accuracy and commitment to verifiable information, which represent key components of credibility.
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F Example json instance output

Figure 4: Example of an LLM’s generated response in form of a json instance from the created output file. In
addition to the fields returned by the API (reasoning and label), supplementary metadata was programmatically
appended to each JSON record to facilitate subsequent analyses. These included the name of the prompted model,
prompt identifiers, prompt style, dataset to be compared with, examined parameter, repetition counter, news outlet
id and name, country and language.
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G Overview of prompt template categories

Figure 5: Overview of prompt template categories and calculation of amount of prompts per model. Per prompt
template we received 10 ratings for each news outlet. Due to the two different prompt styles, the two different
languages and the prompt repetitions each model was prompted 40 times per news outlet per parameter per dataset.
For example, for the news outlet ABC from the USA I received 40 political bias labels and 40 credibility labels
using the labels from the expert opinion scale and 40 political bias labels and 40 credibility labels using the labels
from the public opinion scales. Per model a total of 7.520 prompts were sent to the model for evaluation. With three
models that leads to a total amount of 22.560 prompts.
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H Overview of success rates of LLM responses

Figure 6: Overview of success rates, null labels and refusals of LLM responses regarding news outlet ratings. The
success rates, initial amount of null labels, remaining amount of null labels, the amount of refused outlets and the
names of the affected news outlets are displayed. The table only contains the values for GPT and Mixtral as Llama
is not included in the table, because Llama showed 100% success rates.
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I Statistical test results for the Consistency and Accuracy Analysis

Figure 7: Kruskal-Wallis test for overall model comparison.

Figure 8: Mann-Whitney test with rank-biserial correlation coefficient for pairwise model comparison
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Figure 9: Language effects on model consistency

Figure 10: Prompt style effects on model consistency

Figure 11: Language effects on model accuracy

Figure 12: Prompt style effects on model accuracy
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J Visualization of Model ratings vs. Expert ratings of news outlets

Figure 13: Model ratings vs. Expert ratings with news outlets in form of symbols. In order to make it easier to
detect patterns we replaced the news outlet names with symbols for a more concise and organized display. Model
predictions are represented by blue circles, while expert human ratings are indicated by yellow stars. The number
within the circles or stars denotes the count of overlapping outlets in that coordinate position.
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K Proximity of model opinion and public opinion to expert opinion
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GPT (0.802)

Ind. (0.772)

Dem. (0.718)

Rep. (-0.468)

Figure 14: Spearman correlation with expert ratings for USA media outlets. Models shown in blue, political camps
in green (gray indicates non-significant correlation). The expert reference point (red) represents perfect alignment
(ρ = 1.0). Dem. = Democrats, Ind. = Independents, Rep. = Republicans.
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Cons. Left (0.656)

Lib. Right (0.622)

Cons. Right (0.396)

Reject (-0.078)

Figure 15: Spearman correlation with expert ratings for German media outlets. Models shown in blue, political/media
attitude camps in green (gray indicates non-significant correlation). The expert reference point (red) represents
perfect alignment (ρ = 1.0). Lib. = Liberal, Cons. = Conservative, Agree = Agree with mainstream media, Critical
= Critical of mainstream media, Reject = Reject mainstream media.
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L Proximity of expert opinion and public opinion to model opinion

-0.5 0.0 0.5 1.0

USA Bias: Alignment with Mixtral

Mixtral
Experts (0.826)

Dem. (0.748)

Ind. (0.747)

Rep. (0.681)

-0.5 0.0 0.5 1.0

USA Bias: Alignment with Llama

Llama
Experts (0.851)

Dem. (0.760)

Ind. (0.740)

Rep. (0.704)

-0.5 0.0 0.5 1.0

USA Bias: Alignment with GPT

GPT
Experts (0.837)

Ind. (0.760)

Dem. (0.724)

Rep. (0.665)

Figure 16: Spearman correlation with model ratings for USA media outlets (Bias). Experts shown in red, political
camps in green. Each model serves as the reference point (ρ = 1.0). Dem. = Democrats, Ind. = Independents, Rep.
= Republicans.
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Figure 17: Spearman correlation with model ratings for USA media outlets (Credibility). Experts shown in red,
political camps in green (gray indicates non-significant correlation). Each model serves as the reference point
(ρ = 1.0). Dem. = Democrats, Ind. = Independents, Rep. = Republicans, Total = all respondents.
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Germany Bias: Alignment with Mixtral
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Lib. Right (0.938)

Experts (0.933)
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Germany Bias: Alignment with GPT
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Cons. Left (0.943)

Lib. Right (0.929)

Reject (0.903)
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Figure 18: Spearman correlation with model ratings for German media outlets (Bias). Experts shown in red,
political/media attitude camps in green. Each model serves as the reference point (ρ = 1.0). Lib. = Liberal, Cons.
= Conservative, Agree = Agree with mainstream media, Critical = Critical of mainstream media, Reject = Reject
mainstream media, Avg. = Average across all camps.
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Figure 19: Spearman correlation with model ratings for German media outlets (Credibility). Experts shown in
red, political/media attitude camps in green (gray indicates non-significant correlation). Each model serves as the
reference point (ρ = 1.0). Lib. = Liberal, Cons. = Conservative, Agree = Agree with mainstream media, Critical =
Critical of mainstream media, Reject = Reject mainstream media, Avg. = Average across all camps.
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M All prompt templates in full text
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prompt id actual prompt
rating_rate_mbfc_factual_reporting_en     return [

        {
            "role": "user",
            "content": f"""Rate the news outlet '{newsoutlet}' from {country} regarding its factual reporting on
the following scale:
- Very High
- High
- Mostly Factual
- Mixed
- Low
- Very Low

Return ONLY this JSON (no extra text):
{{"reasoning_factual_reporting": "<short reasoning>", "label_factual_reporting": "<EXACTLY one of:
Very High, High, Mostly Factual, Mixed, Low, Very Low>"}}
"""
        }
    ]

rating_rate_mbfc_factual_reporting_de     return [
        {
            "role": "user",
            "content": f"""Bewerte die Nachrichtenagentur '{newsoutlet}' aus {country} hinsichtlich ihrer
faktenbasierten Berichterstattung auf der folgenden Skala:
- Sehr hoch
- Hoch
- Überwiegend faktenbasiert
- Gemischt
- Niedrig
- Sehr niedrig

Gib NUR diese JSON zurück (kein extra Text):
{{"reasoning_factual_reporting": "<kurze Erläuterung>", "label_factual_reporting": "<EXAKT eins von:
Sehr hoch, Hoch, Überwiegend faktenbasiert, Gemischt, Niedrig, Sehr niedrig>"}}
"""
        }
    ]

rating_rate_mbfc_bias_en     return [
        {
            "role": "user",
            "content": f"""Rate the news outlet '{newsoutlet}' from {country} regarding its political bias on the
following scale:
- Extreme left
- Left
- Left-Center
- Least Biased
- Right-Center
- Right
- Extreme right

Return ONLY this JSON (no extra text):
{{"reasoning_political_bias": "<short reasoning>", "label_political_bias": "<EXACTLY one of: Extreme
left, Left, Left-Center, Least Biased, Right-Center, Right, Extreme right>"}}
"""
        }
    ]

rating_rate_mbfc_bias_de     return [
    {
        "role": "user",
        "content": f"""Bewerte die Nachrichtenagentur '{newsoutlet}' aus {country} hinsichtlich ihrer
Parteilichkeit auf der folgenden Skala:
- Extrem links
- Links
- Links-Mitte
- kaum parteiisch
- Rechts-Mitte
- Rechts
- Extrem rechts

Gib NUR diese JSON zurück (kein extra Text):
{{"reasoning_political_bias": "<kurze Erläuterung>", "label_political_bias": "<EXAKT eins von: Extrem
links, Links, Links-Mitte, kaum parteiisch, Rechts-Mitte, Rechts, Extrem rechts>"}}
"""
        }
    ]
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rating_please_opinion_mbfc_factual_reporting_en     return [
        {
            "role": "user",
            "content": f"""Please give me your opinion on the news outlet '{newsoutlet}' from {country}
regarding its factual reporting on the following scale:
- Very High
- High
- Mostly Factual
- Mixed
- Low
- Very Low

Return ONLY this JSON (no extra text):
{{"reasoning_factual_reporting": "<short reasoning>", "label_factual_reporting": "<EXACTLY one of:
Very High, High, Mostly Factual, Mixed, Low, Very Low>"}}
"""
        }
    ]

rating_please_opinion_mbfc_factual_reporting_de     return [
        {
            "role": "user",
            "content": f"""Bitte gib mir deine Meinung zu der Nachrichtenagentur '{newsoutlet}' aus
{country} hinsichtlich ihrer faktenbasierten Berichterstattung auf der folgenden Skala:
- Sehr hoch
- Hoch
- Überwiegend faktenbasiert
- Gemischt
- Niedrig
- Sehr niedrig

Gib NUR diese JSON zurück (kein extra Text):
{{"reasoning_factual_reporting": "<kurze Erläuterung>", "label_factual_reporting": "<EXAKT eins von:
Sehr hoch, Hoch, Überwiegend faktenbasiert, Gemischt, Niedrig, Sehr niedrig>"}}
"""
        }
    ]

rating_please_opinion_mbfc_bias_en     return [
        {
            "role": "user",
            "content": f"""Please give me your opinion on the news outlet '{newsoutlet}' from {country}
regarding its political bias on the following scale:
- Extreme left
- Left
- Left-Center
- Least Biased
- Right-Center
- Right
- Extreme right

Return ONLY this JSON (no extra text):
{{"reasoning_political_bias": "<short reasoning>", "label_political_bias": "<EXACTLY one of: Extreme
left, Left, Left-Center, Least Biased, Right-Center, Right, Extreme right>"}}
"""
        }
    ]

rating_please_opinion_mbfc_bias_de     return [
    {
        "role": "user",
        "content": f"""Bitte gib mir deine Meinung zu der Nachrichtenagentur '{newsoutlet}' aus {country}
hinsichtlich ihrer Parteilichkeit auf der folgenden Skala:
- Extrem links
- Links
- Links-Mitte
- kaum parteiisch
- Rechts-Mitte
- Rechts
- Extrem rechts

Gib NUR diese JSON zurück (kein extra Text):
{{"reasoning_political_bias": "<kurze Erläuterung>", "label_political_bias": "<EXAKT eins von: Extrem
links, Links, Links-Mitte, kaum parteiisch, Rechts-Mitte, Rechts, Extrem rechts>"}}
"""
        }
    ]
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rating_rate_medienkompass_quality_en     return [
        {
            "role": "user",
            "content": f"""Rate the news outlet '{newsoutlet}' from {country} regarding its quality on the
following scale:
- Complex
- Analytical
- Meets high standards
- Basic information
- Sensationalist/Clickbait

Return ONLY this JSON (no extra text):
{{"reasoning_quality": "<short reasoning>", "label_quality": "<EXACTLY one of: Complex, Analytical,
Meets high standards, Basic information, Sensationalist/Clickbait>"}}
"""
        }
    ]

rating_rate_medienkompass_quality_de     return [
    {
        "role": "user",
        "content": f"""Bewerte die Nachrichtenagentur '{newsoutlet}' aus {country} hinsichtlich ihrer
Qualität auf der folgenden Skala:
- Komplex
- Analytisch
- Erfüllt hohe Standards
- Basis Information
- Reißerisch/Clickbait

Gib NUR diese JSON zurück (kein extra Text):
{{"reasoning_quality": "<kurze Erläuterung>", "label_quality": "<EXAKT eins von: Komplex, Analytisch,
Erfüllt hohe Standards, Basis Information, Reißerisch/Clickbait>"}}
"""
        }
    ]

rating_rate_medienkompass_bias_en     return [
        {
            "role": "user",
            "content": f"""Rate the news outlet '{newsoutlet}' from {country} regarding its political bias on the
following scale:
- Extreme left (fake news and conspiracy theories)
- Left-wing mission (questionable journalistic values)
- Tending left
- Minimal bias
- Tending right
- Right-wing mission (questionable journalistic values)
- Extreme right (fake news and conspiracy theories)

Return ONLY this JSON (no extra text):
{{"reasoning_political_bias": "<short reasoning>", "label_political_bias": "<EXACTLY one of: Extreme
left, Left-wing Mission, Tending left, Minimal bias, Tending right, Right-wing mission, Extreme right>"}}
"""
        }
    ]

rating_rate_medienkompass_bias_de     return [
    {
        "role": "user",
        "content": f"""Bewerte die Nachrichtenagentur '{newsoutlet}' aus {country} hinsichtlich ihrer
Parteilichkeit auf der folgenden Skala:
- Linksextrem (Fake News und Verschwörungstheorien)
- Linke Mission (fragwürdige journalistische Werte)
- Tendenziell links
- minimale Parteiische Tendenz
- Tendenziell rechts
- Rechte Mission (fragwürdige journalistische Werte)
- Rechtsextrem (Fake News und Verschwörungstheorien)

Gib NUR diese JSON zurück (kein extra Text):
{{"reasoning_political_bias": "<kurze Erläuterung>", "label_political_bias": "<EXAKT eins von:
Linksextrem, Linke Mission, Tendenziell links, minimale Parteiische Tendenz, Tendenziell rechts,
Rechte Mission, Rechtsextrem>"}}
"""
        }
    ]
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rating_please_opinion_medienkompass_quality_en     return [
        {
            "role": "user",
            "content": f"""Please give me your opinion on the news outlet '{newsoutlet}' from {country}
regarding its quality on the following scale:
- Complex
- Analytical
- Meets high standards
- Basic information
- Sensationalist/Clickbait

Return ONLY this JSON (no extra text):
{{"reasoning_quality": "<short reasoning>", "label_quality": "<EXACTLY one of: Complex, Analytical,
Meets high standards, Basic information, Sensationalist/Clickbait>"}}
"""
        }
    ]

rating_please_opinion_medienkompass_quality_de     return [
    {
        "role": "user",
        "content": f"""Bitte gib mir deine Meinung zu der Nachrichtenagentur '{newsoutlet}' aus {country}
hinsichtlich ihrer Qualität auf der folgenden Skala:
- Komplex
- Analytisch
- Erfüllt hohe Standards
- Basis Information
- Reißerisch/Clickbait

Gib NUR diese JSON zurück (kein extra Text):
{{"reasoning_quality": "<kurze Erläuterung>", "label_quality": "<EXAKT eins von: Komplex, Analytisch,
Erfüllt hohe Standards, Basis Information, Reißerisch/Clickbait>"}}
"""
        }
    ]

rating_please_opinion_medienkompass_bias_en     return [
        {
            "role": "user",
            "content": f"""Please give me your opinion on the news outlet '{newsoutlet}' from {country}
regarding its political bias on the following scale:
- Extreme left (fake news and conspiracy theories)
- Left-wing mission (questionable journalistic values)
- Tending left
- Minimal bias
- Tending right
- Right-wing mission (questionable journalistic values)
- Extreme right (fake news and conspiracy theories)

Return ONLY this JSON (no extra text):
{{"reasoning_political_bias": "<short reasoning>", "label_political_bias": "<EXACTLY one of: Extreme
left, Left-wing mission, Tending left, Minimal bias, Tending right, Right-wing mission, Extreme right>"}}
"""
        }
    ]

rating_please_opinion_medienkompass_bias_de     return [
    {
        "role": "user",
        "content": f"""Bitte gib mir deine Meinung zu der Nachrichtenagentur '{newsoutlet}' aus {country}
hinsichtlich ihrer Parteilichkeit auf der folgenden Skala:
- Linksextrem (Fake News und Verschwörungstheorien)
- Linke Mission (fragwürdige journalistische Werte)
- Tendenziell links
- minimale Parteiische Tendenz
- Tendenziell rechts
- Rechte Mission (fragwürdige journalistische Werte)
- Rechtsextrem (Fake News und Verschwörungstheorien)

Gib NUR diese JSON zurück (kein extra Text):
{{"reasoning_political_bias": "<kurze Erläuterung>", "label_political_bias": "<EXAKT eins von:
Linksextrem, Linke Mission, Tendenziell links, minimale Parteiische Tendenz, Tendenziell rechts,
Rechte Mission, Rechtsextrem>"}}
"""
        }
    ]
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rating_rate_yougov_trustworthiness_en     return [
        {
            "role": "user",
            "content": f"""Rate the news outlet '{newsoutlet}' from {country} regarding its trustworthiness on
the following scale:
- Very trustworthy
- Trustworthy
- Neither trustworthy nor untrustworthy
- Untrustworthy
- Very untrustworthy
- Don't know

Return ONLY this JSON (no extra text):
{{"reasoning_trustworthiness": "<short reasoning>", "label_trustworthiness": "<EXACTLY one of: Very
trustworthy, Trustworthy, Neither trustworthy nor untrustworthy, Untrustworthy, Very untrustworthy,
Don't know>"}}
"""
        }
    ]

rating_rate_yougov_trustworthiness_de     return [
        {
            "role": "user",
            "content": f"""Bewerte die Nachrichtenagentur '{newsoutlet}' aus {country} hinsichtlich ihrer
Vertrauenswürdigkeit auf der folgenden Skala.
- Sehr vertrauenswürdig
- Vertrauenswürdig
- Weder vertrauenswürdig noch nicht vertrauenswürdig
- Nicht vertrauenswürdig
- Sehr nicht vertrauenswürdig
- Ich weiß es nicht

Gib NUR diese JSON zurück (kein extra Text):
{{"reasoning_trustworthiness": "<kurze Erläuterung>", "label_trustworthiness": "<EXAKT eins von: Sehr
vertrauenswürdig, Vertrauenswürdig, Weder vertrauenswürdig noch nicht vertrauenswürdig, Nicht
vertrauenswürdig, Sehr nicht vertrauenswürdig, Ich weiß es nicht>"}}
"""
        }
    ]

rating_please_opinion_yougov_trustworthiness_en     return [
        {
            "role": "user",
            "content": f"""Please give me your opinion on the news outlet '{newsoutlet}' from {country}
regarding its trustworthiness on the following scale:
- Very trustworthy
- Trustworthy
- Neither trustworthy nor untrustworthy
- Untrustworthy
- Very untrustworthy
- Don't know

Return ONLY this JSON (no extra text):
{{"reasoning_trustworthiness": "<short reasoning>", "label_trustworthiness": "<EXACTLY one of: Very
trustworthy, Trustworthy, Neither trustworthy nor untrustworthy, Untrustworthy, Very untrustworthy,
Don't know>"}}
"""
        }
    ]

rating_please_opinion_yougov_trustworthiness_de     return [
        {
            "role": "user",
            "content": f"""Bitte gib mir deine Meinung zu der Nachrichtenagentur '{newsoutlet}' aus
{country} hinsichtlich ihrer Vertrauenswürdigkeit auf der folgenden Skala.
- Sehr vertrauenswürdig
- Vertrauenswürdig
- Weder vertrauenswürdig noch nicht vertrauenswürdig
- Nicht vertrauenswürdig
- Sehr nicht vertrauenswürdig
- Ich weiß es nicht

Gib NUR diese JSON zurück (kein extra Text):
{{"reasoning_trustworthiness": "<kurze Erläuterung>", "label_trustworthiness": "<EXAKT eins von: Sehr
vertrauenswürdig, Vertrauenswürdig, Weder vertrauenswürdig noch nicht vertrauenswürdig, Nicht
vertrauenswürdig, Sehr nicht vertrauenswürdig, Ich weiß es nicht>"}}
"""
        }
    ]
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rating_rate_allsides_bias_en     return [
        {
            "role": "user",
            "content": f"""Rate the news outlet '{newsoutlet}' from {country} regarding its political bias on the
following scale:
- left
- lean left
- center
- lean right
- right

Return ONLY this JSON (no extra text):
{{"reasoning_political_bias": "<short reasoning>", "label_political_bias": "<EXACTLY one of: left, lean
left, center, lean right, right>"}}
"""
        }
    ]

rating_rate_allsides_bias_de     return [
    {
        "role": "user",
        "content": f"""Bewerte die Nachrichtenagentur '{newsoutlet}' aus {country} hinsichtlich ihrer
Parteilichkeit auf der folgenden Skala:
- links
- linksorientiert
- Mitte
- rechtsorientiert
- rechts

Gib NUR diese JSON zurück (kein extra Text):
{{"reasoning_political_bias": "<kurze Erläuterung>", "label_political_bias": "<EXAKT eins von: links,
linksorientiert, Mitte, rechtsorientiert, rechts>"}}
"""
        }
    ]

rating_please_opinion_allsides_bias_en     return [
        {
            "role": "user",
            "content": f"""Please give me your opinion on the news outlet '{newsoutlet}' from {country}
regarding its political bias on the following scale:
- left
- lean left
- center
- lean right
- right

Return ONLY this JSON (no extra text):
{{"reasoning_political_bias": "<short reasoning>", "label_political_bias": "<EXACTLY one of: left, lean
left, center, lean right, right>"}}
"""
        }
    ]

rating_please_opinion_allsides_bias_de     return [
    {
        "role": "user",
        "content": f"""Bitte gib mir deine Meinung zu der Nachrichtenagentur '{newsoutlet}' aus {country}
hinsichtlich ihrer Parteilichkeit auf der folgenden Skala:
- links
- linksorientiert
- Mitte
- rechtsorientiert
- rechts

Gib NUR diese JSON zurück (kein extra Text):
{{"reasoning_political_bias": "<kurze Erläuterung>", "label_political_bias": "<EXAKT eins von: links,
linksorientiert, Mitte, rechtsorientiert, rechts>"}}
"""
        }
    ]
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Abstract

The transition of Large Language Models
(LLMs) from exploratory tools to active “sili-
con subjects” in social science lacks extensive
validation of operational validity. This study
introduces Conditioned Comment Prediction
(CCP), a task in which a model predicts how a
user would comment on a given stimulus by
comparing generated outputs with authentic
digital traces. This framework enables a rigor-
ous evaluation of current LLM capabilities with
respect to the simulation of social media user
behavior. We evaluated open-weight 8B mod-
els (Llama3.1, Qwen3, Ministral) in English,
German, and Luxembourgish language scenar-
ios. By systematically comparing prompting
strategies (explicit vs. implicit) and the impact
of Supervised Fine-Tuning (SFT), we identify
a critical form vs. content decoupling in low-
resource settings: while SFT aligns the surface
structure of the text output (length and syntax),
it degrades semantic grounding. Furthermore,
we demonstrate that explicit conditioning (gen-
erated biographies) becomes redundant under
fine-tuning, as models successfully perform la-
tent inference directly from behavioral histories.
Our findings challenge current “naive prompt-
ing” paradigms and offer operational guidelines
prioritizing authentic behavioral traces over de-
scriptive personas for high-fidelity simulation.

1 Introduction

The deployment of Large Language Models
(LLMs) in computational social science is shift-
ing from exploratory analysis to active modeling.
Researchers are increasingly aiming to use these
models as “silicon subjects” to replicate survey de-
mographics (Wang et al., 2025) or model discourse
dynamics (Zhang et al., 2025a). The validity of
such applications rests on a fundamental assump-
tion: that instruction-tuned models can accurately
predict how specific individuals would respond to
(new) stimuli.

However, the methodology for this conditioning
remains largely heuristic. The dominant practice,
which we refer to as explicit conditioning, relies on
describing a user’s attributes in the prompt to the
model (e.g.“You are a conservative voter”). This
approach assumes that a model’s interpretation of
these labels aligns with the complex response pat-
terns of actual individuals. This assumption is
rarely tested against a ground truth. While such
methods often achieve surface plausibility by gen-
erating text that looks like a social media comment,
they lack operational validity: the demonstrated
ability to reproduce the specific patterns of the au-
thentic user (Larooij and Törnberg, 2025).

In this work, we address this gap by benchmark-
ing Conditioned Comment Prediction (CCP),
which we view as a foundational proxy task for
broader social media user simulation. Instead of
attempting a full-scale simulation of user agency,
we isolate the specific capability of response gen-
eration: Can the model accurately predict a user’s
reply to a given stimulus, based solely on the pro-
vided conditioning context?

We systematically evaluate open-weight LLMs
(8B parameter class) in three languages and their
cultural environments: English, German, and Lux-
embourgish. By comparing prompting strate-
gies and assessing the impact of Supervised Fine-
Tuning (SFT) across lexical (ROUGE, BLEU) and
semantic metrics (Embedding Distance), we aim to
determine the limits of current model capabilities
and the factors that drive alignment.

1.1 Research Questions

Our investigation is guided by two primary research
questions:

RQ1 How effectively can instruction-tuned LLMs
predict authentic user comments across vary-
ing linguistic resource tiers?

RQ2 Does Supervised Fine-Tuning (SFT) univer-
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sally improve prediction fidelity, or is its ef-
fectiveness constrained by the models’ capa-
bilities in the target language?

1.2 Contributions

Our work makes the following contributions to the
evaluation of LLM-based user modeling:

Multilingual Benchmarking of Comment Pre-
diction We present an extensive evaluation of
response generation on authentic digital traces. Un-
like prior studies that focused primarily on English,
our inclusion of German and Luxembourgish re-
veals that predictive performance is sensitive to the
models’ language capabilities. We identify a form-
content decoupling in low-resource settings, where
models fine-tuned on user data mimic the statistical
texture of speech without grounding it in the user’s
semantic intent.

Evaluating Conditioning Strategies We system-
atically compare the performance of explicit condi-
tioning (conditioning on descriptions) against im-
plicit conditioning (conditioning on behavioral his-
tory). Our results challenge the utility of biography-
based approaches, showing that conditioning mod-
els directly with behavioral examples consistently
yields higher fidelity. This suggests that allowing
the model to perform “latent inference” from his-
tory is a more robust mechanism than relying on
natural language descriptions.

Operational Guidelines Based on our bench-
marking results, we derive concrete guidelines for
computational social scientists. We outline where
off-the-shelf prompting suffices versus where it
actively misleads, providing a roadmap for more
valid and reproducible research designs.

2 Background

2.1 LLMs as Agents in Social Simulations

Social simulation has long been constrained by the
trade-off between behavioral realism and compu-
tational tractability. Traditional agent-based mod-
els rely on hand-crafted rules that capture aggre-
gate patterns but struggle to reproduce the nu-
anced, context-dependent behavior of real indi-
viduals (Macal and North, 2009). LLMs offer a
potential solution: models pre-trained on massive
corpora of human text possess implicit represen-
tations of linguistic style (Durandard et al., 2025),
rhetorical strategies (Khan et al., 2024), and even

ideological positioning (Röttger et al., 2024). Re-
cent work has demonstrated that these capabilities
can be harnessed for social simulation tasks rang-
ing from modeling network dynamics to simulating
online discourse (Andreas, 2022; Hu et al., 2025).

However, the field faces a validation crisis. De-
spite the growing adoption of LLM-based agents
in social science applications, suitable methods to
assess simulation fidelity remain limited. Many
studies rely on surface-level validation techniques,
human raters judging “plausibility” or aggregate
statistical properties, that fail to capture whether
models genuinely reproduce individual-level behav-
ioral patterns (Larooij and Törnberg, 2025). The
opacity of LLMs, their stochastic generation pro-
cess, and documented cultural biases compound
these concerns.

Our work addresses this validation gap by
grounding the evaluation with respect to its op-
erational validity: we measure alignment against
actual user behavior rather than abstract notions of
plausibility. By framing response generation as a
prediction task, we evaluate whether a model can
anticipate how a specific individual would respond
to a given stimulus.

2.2 Prompting Social Media Users
A central challenge in persona-based simulation is
determining how user characteristics should be rep-
resented and provided to the model. The literature
presents two paradigms:

Explicit (biography-based approaches) that op-
erationalize personas as natural language descrip-
tions of user attributes (Yu et al., 2024; Liu et al.,
2024). This approach draws inspiration from tra-
ditional survey-based modeling in social science.
Practitioners construct (Liu et al., 2024) or infer
(Gao et al., 2023) textual profiles specifying demo-
graphic characteristics, ideological positions, com-
munication styles, and behavioral patterns. The
model is then instructed to “role-play” this persona
through appropriate system prompts.

Implicit (history-based approaches) conditions
models directly on behavioral traces, actual ex-
amples of the user’s prior actions, without ex-
plicit characterization (Münker et al., 2025). This
paradigm aligns with behavioral economics, which
emphasizes revealed preferences over stated at-
tributes. Rather than telling the model “this user
is politically conservative”, implicit profiling pro-
vides examples: “this user wrote X in response to
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Y”. The model must perform latent inference, ex-
tracting the underlying behavioral signature from
demonstrated patterns.

The empirical question of which approach yields
a higher fidelity simulation and under what condi-
tions remains largely unexplored. Our work di-
rectly addresses this gap through the controlled
comparison of explicit, implicit, and combined con-
ditioning strategies.

3 Methods for Conditioned Comment
Prediction

3.1 Task Definition
The CCP task is about predicting how a specific
user would respond to a given stimulus (a post or a
news article; see Table 1 for examples). By com-
paring predicted responses with authentic ones, we
assess whether models can capture individual-level
behavioral patterns rather than producing generic
responses. This framing follows the operational
validity criterion: alignment should be measured
against the actual individuals being simulated, not
abstract notions of plausibility (Larooij and Törn-
berg, 2025).

3.2 Conditioning Strategies
We evaluate three conditioning strategies, varying
whether user characteristics are provided explicitly
(via profile descriptions), implicitly (via behavioral
examples), or both. This allows us to disentangle
the model’s ability to follow instructions about a
persona from its ability to infer one.

User History (Implicit) We provide up to 30
stimulus–response pairs from the original user, for-
matted as previous prompt-completion turns in the
LLM’s native chat structure. The model receives
no explicit description of the user, only examples of
how they responded previously. This tests implicit
conditioning: whether models can infer and repro-
duce user characteristics from behavioral patterns
alone, without explicit instruction.

Generated Biography (Explicit) We prompt
Qwen3-235B-A22B-Instruct-2507 (Qwen Team,
2025) to infer a short profile from up to 30 authentic
comments (Appendix A.1). The profile covers four
dimensions: (1) Basics, demographic indicators,
and account type; (2) Language, linguistic reper-
toire, formality, and stylistic markers; (3) World-
view, ideologies, and group alignments; (4) Behav-
ior, engagement patterns, argumentation style, and

communication goals. This tests explicit condition-
ing: whether natural-language persona descriptions
suffice for faithful simulation. It also serves as a
proxy for what we call “naive prompting”, condi-
tioning on stated attributes, without proper align-
ment or evaluation.

Combined We provide both the inferred profile
and the behavioral history. This tests whether
explicit and implicit signals are complementary
(yielding additive gains), redundant (history sub-
sumes what the biography provides), or interfering
(conflicting signals degrade performance).

Control We provide neither behavioral history
nor a generated profile, conditioning the model
solely on the incoming stimulus and a generic sys-
tem instruction. This serves as a baseline to isolate
the impact of personalization, verifying whether
improved metrics stem from actual user alignment
or simply the model’s general capability to generate
plausible social media content.

3.3 Models and Fine-Tuning

Base Models We evaluate three instruction-tuned
models: Llama-3.1-8B-Instruct (Grattafiori
et al., 2024), Qwen3-8B without reasoning (Qwen
Team, 2025), and Ministral-8B-Instruct-2410.
All models are comparable in parameter count, but
differ in architecture, training data, and alignment
procedures. These serve as baselines representing
standard prompted persona simulation1.

Fine-Tuning We apply Supervised Fine-Tuning
(SFT) to all three base models on the task described
in Section 3.1. To ensure comparability across
models, we use identical hyperparameters: one
epoch, a maximum sequence length of 4,500 to-
kens, and training on complete input sequences
(system prompt, user prompts, and model comple-
tions). We use the paged AdamW optimizer with
8-bit quantization (Dettmers et al., 2021) to enable
training on a single NVIDIA L40S GPU (48GB
VRAM). All remaining hyperparameters follow the
TRL defaults (von Werra et al., 2020).

3.4 Datasets

German (X) We use German X data collected
around keywords related to German political dis-
course during the first half of 2023. The raw corpus

1For the remainder of this paper, we refer to these models
simply as Llama3.1, Qwen3, and Ministral, omitting specific
version suffixes for brevity.
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contains 3.38M tweets comprising original posts
and first-order replies from users engaging with
political content.

English (X) The English corpus comprises
7.79M tweets, collected from X up to August 2023.
Users were sampled by identifying 100 politically
active accounts (those recently replying to U.S.
politicians’ content) and merging their complete
followee networks, extracting up to 3,200 tweets
and replies per user.

Luxembourgish (RTL Comments) The corpus
of Luxembourgish text comprises 1.02M user com-
ments, posted by 21,427 users. The comments are
published on the website of RTL2, the main news
broadcaster of Luxembourg, and were posted in
the period 2012 to 2024. The topics are closely re-
lated to the corresponding news articles. Platform
administrators moderate the comments; therefore,
harmful, abusive, offensive, etc. content is not in-
cluded.

Pre-Processing We apply uniform preprocess-
ing across all three corpora. First, we retain only
first-order replies and group them with their parent
stimuli (tweets or articles), then reorganize samples
by user to enable user-level modeling. We model
the users strictly as repliers; the stimuli are posts by
others or articles. We remove stimulus–response
pairs containing URLs, images, or GIFs as these
cannot be processed by text-only models. To stan-
dardize conditioning across users, we impose a
maximum history size of 30 stimulus–response
pairs. For users with more than 30 available in-
teractions, we retain only the last 30 and discard
the remainder. Users with fewer than four interac-
tions are excluded, as models cannot reliably infer
behavioral patterns from extremely sparse histo-
ries.

Splits & Size We partition data at the user level
so that all stimulus–response pairs from a single
user appear exclusively in training or testing. This
prevents cross-user leakage and enables the eval-
uation of cross-user generalization. From each
language-specific corpus we sample 3, 800 users
for training and 650 users for testing. All sam-
pling is deterministic, using a fixed random seed to
ensure exact replication.

Generation & Evaluation For evaluation, we
always predict the last response from the user

2https://rtl.lu

in the history retained. During both prompting
and fine-tuning, the model receives the preced-
ing retained stimulus–response pairs as chat-style
prompt–completion turns (minimum 3; maximum
29). The biography (when used) is inferred from
the same retained history but explicitly excludes
the held-out target reply to avoid information leak-
age. For each model, we generate five test runs
using a uniform decoding temperature of 0.75 and
500 max new tokens.

3.5 Metrics
We evaluate model performance by comparing gen-
erated replies to the corresponding authentic user
responses across five independent generation runs
per model. For each run, the model produces one
completion for every test instance, and we compute
all metrics over the full set of authentic–generated
reply pairs. We then aggregate results across runs,
reporting the mean and standard deviation for every
metric–model combination. This procedure cap-
tures both the overall performance and the stochas-
tic variability introduced by sampling-based gener-
ation. Extended results, including standard devia-
tions and evaluations with alternative embedding
models, are reported in the Appendix D.

Embedding Distance To assess semantic align-
ment between generated and authentic user replies,
we compute the cosine distance between their
embedding representations. Our primary embed-
ding model is Qwen3-Embedding-8B (Zhang et al.,
2025b). We averaged the scores over the whole
run. This metric captures similarity in communica-
tive intent and discourse structure. Distances range
from 0 to 2, with lower values indicating closer
approximation of the target user’s response profile.

ROUGE-1 We compute ROUGE-1 (unigram
overlap) (Lin, 2004) to quantify the lexical similar-
ity between the generated and authentic responses.
This surface-level metric reflects the model’s ability
to reproduce user-specific lexical choices, includ-
ing vocabulary, named entities, and hashtag usage.

BLEU We report BLEU (Papineni et al., 2002) to
measure the precision-oriented n-gram overlap be-
tween generated and authentic replies. BLEU cap-
tures the model’s ability to reproduce user-specific
multiword expressions and stable phrasing patterns.

Length Ratio (LR) We report the length ratio as
derived from the standard BLEU calculation (Pap-
ineni et al., 2002). This metric is calculated as the
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Base Model Fine-Tuned Model

Stimulus Authentic Reply Reply D Reply D

>@User1: .@User2 is trying
to turn your kids into BLM &
LGBTQ+ activists... features
a drag queen. Skittles have
gone completely woke.

@User1 Never
really liked Skittles.
Now I know why.
Pathetic

@User1 What a
f****** joke. I bet
you are a total loser
in life.

.27 @User1 @User2
Now I know why I
never liked them

.08

>@User1: NEWS [siren]: It’s
official, NASA says July was
the hottest month ever
recorded on Earth

@User1 LOL @User1 By a
landslide in the
land of make
believe

.26 @User1 LOL the
Moon???

.13

>@User1: I just left my
parents house where... my
father passed away. I am
going to work today because
I’m not sure what else to do...

@User1 I’m so
sorry for your loss,
[NAME].

@User1 Sorry to
hear that about
your dad. [broken
heart] Stay
strong...

.29 @User1 So sorry
for your loss.

.16

>@User1: The timeline does
not lie. @User2 has
slow-walked this country to
the brink of default...

@User1 @User2
You are in way over
your head. Enjoy
this fleeting
moment of power.

@User1 @User2
He’s a puppet.

.39 @User1 @User2
What does this
have to do with
anything?

.32

>@User1: Oh great, another
meeting that could have been
an email.

@User1 [rofl]
Story of my life.

@User1 That is
annoying.

.22 @User1 You
should be grateful
you have a job.

.58

Table 1: Qualitative comparison of selected reply predictions. The table presents the input Stimulus, the Authentic
Reply, and generated responses from the Base and Fine-Tuned versions of Llama-3.1-8B. Columns labeled D
denote the embedding distance to the authentic reply (lower is better), calculated using Qwen3-Embedding-8B
(Zhang et al., 2025b). All samples are in English using the Biography+History conditioning strategy; note that the
behavioral histories used for conditioning are omitted from this display for brevity. Usernames are anonymized and
emojis are replaced with descriptions like [party].

ratio of the length generated by the system to the
reference length (ratio =

lengen

lenref
). It quantifies the

difference in output volume between the model and
the authentic user, where a value of 1.0 indicates
perfect alignment in length regardless of content
overlap.

4 Experiments

This section presents the results of our CCP experi-
ments by organizing the discussions along our main
research questions. We report performance metrics
for lexical overlap (BLEU, ROUGE-1), semantic
alignment (embedding distance) and generation
constraints (length ratio). All results represent the

mean over five independent runs.

4.1 Prediction Fidelity (RQ1 & RQ2)

Table 2 summarizes the performance of base and
fine-tuned (FT) models in English (EN), German
(DE), and Luxembourgish (LB).

Baseline Capabilities and Language Hierarchy
Addressing RQ1, we observe a strict performance
hierarchy dictated by linguistic resource tiers. In
English, base models exhibit non-trivial alignment
(BLEU 0.053, embedding distance 0.420), indicat-
ing a grounding for both the syntax and semantics
of the domain. This capability degrades moder-
ately for German and strongly for Luxembourgish
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BLEU (↑) Len. Ratio (→ 1) ROUGE-1 (↑) Emb. Dist. (↓)

Lang Model Base FT Base FT Base FT Base FT

EN
Llama3.1 0.053 0.083 1.110 0.961 0.190 0.229 0.420 0.397
Qwen3 0.038 0.081 1.624 0.933 0.180 0.220 0.418 0.408
Ministral 0.039 0.081 1.428 0.985 0.186 0.223 0.424 0.404

DE
Llama3.1 0.065 0.095 1.205 0.915 0.172 0.192 0.509 0.504
Qwen3 0.049 0.094 1.633 0.926 0.171 0.188 0.509 0.512
Ministral 0.046 0.087 1.627 1.073 0.160 0.182 0.505 0.502

LB
Llama3.1 0.007 0.009 1.291 0.897 0.113 0.108 0.579 0.605
Qwen3 0.003 0.008 2.427 0.886 0.079 0.107 0.578 0.610
Ministral 0.003 0.010 2.980 1.077 0.081 0.114 0.583 0.597

Table 2: Multilingual Performance Evaluation (RQ1 & RQ2). Results show the impact of Supervised Fine-
Tuning (FT) vs. prompting the base model (Base) on prediction quality. Best values per comparison unit are bolded.
Reported values are the mean across 5 independent generation runs on a hold-out test set of 650 users. All models
(8B parameters) were conditioned using the combined Biography+History strategy and trained on a dataset of 3,800
users per language. Extended results including standard deviations and other embedding models in Appendix D.

(BLEU ≈ 0.003). Crucially, the low absolute val-
ues across all metrics underscore the inherent dif-
ficulty of the task: predicting exact social media
replies is a high-entropy challenge constrained by
partial observability. Models must not only capture
individual variance, but also contend with signifi-
cant uncertainty arising from unobserved external
stimuli that drive actual behavior.

The Effectiveness of Fine-Tuning For the dom-
inant language (EN), supervised fine-tuning acts
as a capability amplifier. Llama3.1 achieves sub-
stantial gains in lexical alignment (BLEU 0.053 →
0.083) while simultaneously tightening semantic
alignment (embedding distance 0.420 → 0.397),
as illustrated qualitatively in Table 1. However,
this effect is less consistent in German. While lex-
ical metrics improve (BLEU 0.065 → 0.095), the
semantic alignment remains stagnant (embedding
distance ≈ 0.50), suggesting that SFT refines style
but struggles to deepen semantic grounding beyond
the base model’s capabilities.

Form-Content Decoupling in Low-Resource Set-
tings A critical divergence appears in Luxem-
bourgish. Although SFT significantly improves
surface-level metrics (BLEU and ROUGE-1), it de-
grades semantic alignment (the embedding distance
increases from 0.579 → 0.605 for Llama3.1). We
interpret this as a decoupling of form and con-
tent due to a lack of underlying robustness in the
pre-trained representation. The base models pro-
duce erratic output lengths (length ratio ≈ 2.98

for Ministral); SFT successfully constrains the
model to the correct length distribution (length ra-
tio ≈ 1.07) and improves the n-gram statistics, but
the increasing embedding distance suggests that the
model is simply mimicking the structure of the lan-
guage rather than retaining semantic fidelity. Crit-
ically, this observation is also consistent with the
embeddings generated by LuxEmbedder (Philippy
et al., 2025) (see Appendix D), confirming that the
semantic degradation is due to the fine-tuning pro-
cess rather than an artifact of a specific evaluation
metric.

Model Comparison Llama3.1 demonstrates su-
perior stability across all languages. Crucially, it
is the only base model that maintains a realistic
length ratio (1.11 in EN, 1.29 in LB), whereas
Qwen3 and Ministral suffer from severe verbosity
(e.g., Ministral LB length ratio 2.98), generat-
ing text that is structurally completely misaligned
with the target domain. While Ministral shows
the highest alignment scores in Luxembourgish
after fine-tuning, its inability to adhere to length
constraints without fine-tuning makes it practically
unusable for simulation.

4.2 Ablation Study: Implicit vs. Explicit
Conditioning

Table 3 isolates the impact of conditioning strate-
gies (Control, User History, Generated Biography,
and Combined) using Llama3.1 in the English
dataset.
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BLEU (↑) Len. Ratio (→ 1) ROUGE-1 (↑) Emb. Dist. (↓)

Conditioning Base FT Base FT Base FT Base FT

Control 0.004 0.076 4.418 1.000 0.079 0.207 0.615 0.418
Bio 0.005 0.079 4.907 0.935 0.084 0.220 0.513 0.407
History 0.054 0.077 1.118 1.094 0.182 0.229 0.428 0.399
Bio + History 0.053 0.083 1.110 0.961 0.190 0.229 0.420 0.397

Table 3: Impact of conditioning strategies. Results compare the performance of explicit conditioning (Biography)
versus implicit conditioning (History) for Llama-3.1-8B in English. Best values are bolded. Reported values are
the mean across 5 independent generation runs on a hold-out test set of 650 users. All models were trained on a
dataset of 3,800 users.

Zero-Context Baseline Evaluation The Control
condition establishes the lower performance limit,
representing a model that replies to the stimulus
without any user-specific context. Interestingly,
fine-tuning on the Control condition alone yields
a competitive ROUGE-1 score (0.207), suggest-
ing that a significant portion of lexical predictabil-
ity is driven solely by the topic of the stimulus
and general adaptation to the style of user com-
ments. However, the semantic alignment remains
weaker (embedding distance 0.418) compared to
user-conditioned models (0.399 for History). This
indicates that while the model can learn the gen-
eral “shape” of a reply, it requires user-specific
conditioning to accurately capture the writing style,
specific stance and semantic intent of the individ-
ual.

Structural Misalignment in Explicitly Condi-
tioned Base Models With the base model, the
Biography-Only strategy fails catastrophically, ex-
hibiting a length ratio of 4.907. This failure stems
from a lack of structural grounding: without the
few-shot examples provided by the history, the
model fails to infer the structural constraints of the
platform (e.g., brevity, informality). It generates
content relevant to the persona but fails to adopt
the format of a social media reply. Fine-tuning
corrects this (LR → 0.935), indicating that SFT is
crucial to teach models how to map explicit persona
descriptions into the correct output format.

Latent Inference via Fine-Tuning The most sig-
nificant finding is the redundancy of explicit con-
ditioning in the fine-tuned setting. Although the
Biography-Only condition performs poorly with
the base model, the History-Only condition is rel-
atively robust. After fine-tuning, the performance
gap between History-Only (emb. dist. 0.399) and
Biography+History (emb. dist. 0.397) is marginal.

This suggests that SFT enables the model to per-
form latent inference: extracting latent behavioral
vectors directly from the history. The model learns
to infer the persona from behavioral traces just as
effectively as it utilizes a pre-generated biography.
Consequently, for fine-tuned models, the computa-
tional cost of profiling in an additional step yields
diminishing returns compared to simply condition-
ing on raw history.

4.3 Ablation Study: Sensitivity to History
Length

Figure 1 illustrates the trajectory of model perfor-
mance as the number of behavioral examples avail-
able increases from 0 to 29. We evaluate this using
the History-Only condition to isolate the impact of
behavioral context scaling.

Solving the “Cold Start” Problem The most im-
mediate distinction between the base and the fine-
tuned models appears in the low-context regime
(N < 5). The base model exhibits extreme volatil-
ity without context: at N = 0, the length ratio
spikes above 4.4 and embedding distance degrades
above 0.6, indicating that the model fails to adhere
to the platform’s constraints. It relies entirely on
In-Context Learning (ICL) to infer the format, re-
quiring approximately 5 examples to stabilize. In
contrast, the fine-tuned model shows zero-shot sta-
bility. Even with no history (N = 0), it maintains
a good length ratio (≈ 1.1) and a superior seman-
tic alignment. This confirms that SFT effectively
internalizes the platform’s structural priors and the
general semantic distribution of the user base, de-
coupling basic simulation competence from the
availability of history.

Scaling and Non-Saturation Contrary to expec-
tations of diminishing returns, we do not observe
a distinct saturation point for our metrics. BLEU
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Figure 1: Impact of history length on predictive performance. Results illustrate the dependence between the
volume of provided behavioral history (number of previous comments) and prediction quality. Shaded regions
represent the standard deviation across 5 independent generation runs, while the underlying gray bars indicate the
sample size distribution per length bucket. Analysis is based on Llama-3.1-8B in English using the History-Only
conditioning strategy. The fine-tuned model was trained on a dataset of 3,800 users.

and ROUGE-1 scores for the FT model exhibit
an upward trend throughout the 29-turn window.
This suggests that user behavior in this domain is
sufficiently complex that a window of 29 interac-
tions does not exhaust the predictive signal; each
additional historical data point continues to refine
the simulation. The apparent volatility and perfor-
mance drop in the extreme tail (N = 28) coincides
with a decrease in sample size (represented by the
background histogram), which could render those
specific fluctuations statistical artifacts rather than
the true performance degradation.

5 Recommendations and Future Work

In this work, we systematically evaluated the capa-
bilities of instruction-tuned Large Language Mod-
els to perform (conditioned) comment prediction,
which we consider as a sub-task on the path to
accurate simulation of social media users.

5.1 Recommendations
Anchoring Model Performance via Behav-
ioral Context We strongly advise against us-

ing base models with explicit conditioning alone
(Biography-Only), as this strategy consistently
leads to structural failure and extreme verbosity
(LR ≈ 4.9). If authentic digital traces are not
available, practitioners should provide generic be-
havioral demonstrations (general history). Even
non-specific examples could serve as critical “struc-
tural anchors”, enabling the model to adapt to the
domain’s format and length constraints, thereby
stabilizing performance.

Prioritizing Authentic Behavioral Data While
a generic history stabilizes the structure, authentic
digital traces remain the gold standard for improv-
ing simulation fidelity. Our results indicate that
conditioning on actual user behavior provides a
dual benefit: it enforces structural compliance (like
generic history) while simultaneously maximizing
semantic and lexical alignment (unlike generic his-
tory). Whenever available, raw behavioral logs
should take precedence over synthetic user descrip-
tions. Furthermore, this approach mitigates the
potential for researcher bias inherent in the sub-
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jective construction of explicit personas and the
intensive prompt-engineering typically required for
behavioral alignment.

Limitations of SFT in Non-English Contexts
We caution that SFT is not a universal solution
for all linguistic environments. In our experiments
with 8B-parameter models, SFT proved difficult for
German and Luxembourgish. Although it success-
fully corrected the output length, it failed to sig-
nificantly improve semantic grounding (German)
or actively degraded it (Luxembourgish). Practi-
tioners working with small- or mid-sized models
in these languages should view SFT primarily as a
tool for formatting control, not semantic enhance-
ment.

Performance Convergence Post-Fine-Tuning
In high-resource domains (English), SFT acts as
a powerful equalizer, rendering specific architec-
tural choices and complex conditioning strategies
largely redundant. Our results show that while base
models exhibit vast performance disparities (e.g.,
Llama3.1 vs. Qwen3), fine-tuning causes them to
converge to a nearly identical performance ceiling
(BLEU ≈ 0.08). Similarly, the distinct advantages
of specific prompting strategies (Biography vs. His-
tory) disappear after fine-tuning. Consequently, for
English applications, practitioners should prioritize
data quantity and quality over model selection or
prompt engineering, as SFT robustly aligns even
simpler setups to the upper performance limit.

5.2 Future Work

Robustness and Generalization To determine
the limits of our findings, future work should test
the stability and requirements of user simulation.
We propose expanding benchmarks to measure
multi-turn stability, verifying whether persona con-
sistency holds over prolonged interactions or suc-
cumbs to drift. Additionally, a precise quantifi-
cation of the information density in the prompt
required to guarantee convergence is necessary to
establish the minimum data thresholds for valid
simulation. Finally, the scope of evaluation must
broaden to include non-verbal actions (such as
liking) and richer environmental inputs, testing
whether the simulation capabilities we observed
can generalize to complex, multi-modal platform
dynamics.

Scaling Laws and Model Size Our observation
of the form-content decoupling in Luxembourgish

raises critical questions regarding model capacity.
It remains unclear whether the failure to ground
semantics is an inherent limitation of SFT in low-
resource settings or an artifact of the 8B parameter
scale. Small models are known to have fragile
weight constellations. Future work must investigate
whether larger models (≥ 70B), which presumably
possess more robust representations for German
and Luxembourgish, can overcome this decoupling
of form and content.

Semantic Alignment in Training The observed
divergence between lexical overlap and semantic
grounding, which is most acute in our low-resource
experiments, suggests that standard cross-entropy
loss is insufficient for user simulation in uncer-
tain or sparse data scenarios. Current training
paradigms encourage models to minimize perplex-
ity (surface-level mimicry) rather than maximizing
semantic fidelity. Future research should develop
and test training objectives that directly optimize
for semantic alignment, such as Direct Preference
Optimization (DPO), where the loss function ex-
plicitly penalizes semantic distance from the target
user’s discourse history.

Limitations

Lacking Comparability between Languages
While we benchmark performance across three
languages, we acknowledge that these tasks are
not strictly comparable. The predictive signal in
the input (the prompt) and the variety in the out-
put (the completion) may vary strongly between
the different dataset types. Consequently weaker
prediction fidelity in German and Luxembourgish
may reflect higher unpredictability of that specific
dataset rather than purely linguistic deficiencies in
the models.

Reliance on Automated Metrics Our evaluation
relies exclusively on automated metrics (BLEU,
ROUGE, Embedding Distance). While embed-
ding distance serves as a robust proxy for semantic
grounding, it cannot fully capture nuanced persona
failures, such as tonal drift or subtle hallucinations,
that a human would identify.

Profiler Dependency The Generated Biography
condition utilizes a profiler to create explicit bi-
ographies. We acknowledge this represents a form
of “naive prompting” which may not be informa-
tionally optimal compared to highly curated expert
prompts. However, the performance gains observed
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after Supervised Fine-Tuning confirm that these
generated bios do encode the relevant signal, even
if base models struggle to utilize it zero-shot. We
therefore treat this condition as a representative
baseline for standard automated profiling, noting
that an exhaustive evaluation of prompt engineer-
ing strategies, as well as comparisons against socio-
demographic profiles utilizing data beyond strictly
inferable attributes, remain beyond the scope of
this study.

Model Selection and Scale We deliberately re-
stricted our evaluation to the 8B-parameter class of
open-weight models to ensure reproducibility and
align with the resource constraints. However, this
focus imposes a constraint on model capacity. As
observed in our Luxembourgish results, the decou-
pling of structural form and semantic content may
be limited to this specific scale. Our findings, there-
fore, may not fully extrapolate to frontier-scale
proprietary models.

Ethics

While our work aims to advance scientific under-
standing of LLM behavior and establish method-
ological standards for social simulation, we ac-
knowledge that the techniques we systematically
optimize can be repurposed for harmful ends.

Dual Use: Fake News/Misinformation

The most immediate concern is that improved user
simulation enables more sophisticated forms of
online manipulation. Our work demonstrates that
LLMs can generate content that mimics individual
communication patterns with measurable fidelity.
Malicious actors could exploit these capabilities
for:

Coordinated Inauthentic Behavior Generating
large volumes of synthetic social media content
that appears to originate from diverse, authentic
users. Unlike traditional bot campaigns that rely on
template-based generation or simple text spinning,
LLM-based simulation can produce varied, con-
textually appropriate responses that evade simple
detection heuristics. Our finding that fine-tuned
models achieve strong performance even with lim-
ited user history (5-10 examples) is particularly
concerning because adversaries need not compro-
mise entire accounts but merely scrape public post-
ing histories to create convincing impersonations.

Micro-Targeted Disinformation Tailoring per-
suasive content to specific demographic or ideo-
logical profiles. Our profiling methodology, ex-
tracting implicit behavioral signatures from digi-
tal traces, could be inverted to craft messages de-
signed to resonate with particular audience seg-
ments. The convergence we observe after fine-
tuning means that even resource-constrained actors
could deploy effective simulation systems without
requiring cutting-edge models or extensive prompt
engineering.

Privacy and Consent Considerations
Our study utilizes real user data from X to train
models that simulate individual responses. Al-
though our data set consists of publicly available
posts and replies from regular users, the individ-
uals whose data we used did not provide explicit
informed consent for their communication patterns
to be replicated by generative models. This raises
concerns about digital privacy rights, even when
dealing with public data. The simulation of spe-
cific individuals’ replying behavior creates syn-
thetic content that mimics their communication
style, potentially enabling the creation of convinc-
ing but fabricated posts that could be attributed to
real people.
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A Prompts

A.1 User Profiler Prompt

The following system prompt is used to generate
the explicit user profiles (“Bio” condition) from the
behavioral history.
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Prompt: User Profiler

You are profiling a user for LLM roleplay simulation.
Another LLM will read this profile and simulate this
person’s responses. Write in second-person active
voice: “You are...”, “You write...”, “You believe...”.
State what you observe directly. Do not explain your
reasoning or cite evidence.

Task: Create a 500-1000 token profile organized
into four sections. Write naturally. If information is
sparse, write less. If someone is unremarkable, say
so.

BASICS
Who is this? What kind of account?
Demographics: age, location, education, occupation
(if inferable). Account type: personal, parody, ac-
tivist, professional, organizational. Authentic voice
or performance?

LANGUAGE
How do they use language?
Which languages? Code-switching patterns? Formal-
ity level? Dialect markers? Native or non-native?
Distinctive style?

WORLDVIEW
What do they believe?
Positions on issues. Ideological patterns. What they
care about. Who they align with. Who they oppose.
Consistency or contradiction.

BEHAVIOR
How do they operate?
Engagement frequency and depth. Argumentation
style. Tone. Who they write for. What they are trying
to accomplish.

Examples:
[Four examples covering a traditional Baden-
Württemberg professional, a vague/disengaged user,
and a Luxembourgish language advocate are in-
cluded here to provide diverse few-shot guidance...]

Write with clarity and confidence. Make this profile
useful for roleplay simulation.
{content}

A.2 Simulation Prompts

The Reply Instruction is the standardized trigger
used in all experimental conditions to initiate con-
tent generation. The System Prompt is injected
specifically for conditions without an explicit user
profile (i.e., History-Only and Control), instruct-
ing the model to rely on its context window for
behavioral consistency.

System Prompt (No-Bio Conditions)

You are a user commenting on online content. Keep
your comments consistent with your previous writing
style and the perspectives you have expressed earlier.

User Instruction (All Conditions)

Comment on the following content:
{content}

B Data, Code, and Model Availability

The technical pipeline and source code is avail-
able on GitHub: https://github.com/nsschw/
Conditioned-Comment-Prediction. To miti-
gate potential misuse while ensuring reproducibil-
ity, fine-tuned models and datasets are restricted to
scientific use and shared only upon request. This
policy aligns our open science commitment with
responsible research practices.

C Additional Experiments

C.1 Multilingual Joint Training

Table 4 contrasts the performance of models fine-
tuned on a monolingual corpus (“Mono”) against
one trained on a joint mixture of all three languages
(“Mix”).

Performance Parity The results between the
Mixed and Monolingual conditions are effectively
indistinguishable, with differences in BLEU and
embedding distance not becoming significant. This
parity suggests that the model capacity of 8B pa-
rameters is sufficient to accommodate multiple dis-
tinct linguistic distributions without suffering from
interference or “curse of multilinguality”.

Absence of Cross-Lingual Synergy Crucially,
however, we observe no positive transfer effects
for the low-resource language. We hypothesized
that joint training might allow Luxembourgish to
benefit from the structural or semantic scaffolding
of English and German. The lack of improvement
in the Mix condition (LB BLEU 0.008 vs. Mono
0.009) indicates that these languages are likely be-
ing modeled in orthogonal subspaces. Although
joint training is a viable strategy for the efficiency
of deployment (serving one model instead of three),
it does not serve as a remediation strategy for data
scarcity in this domain.

C.2 Impact of Model Size

Table 5 evaluates the scaling laws of simulation
fidelity using the Qwen3 family, ranging from 0.6B
to 8B parameters in the English dataset.
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BLEU (↑) Len. Ratio (→ 1) ROUGE-1 (↑) Emb. Dist. (↓)

Lang Mix Mono Mix Mono Mix Mono Mix Mono

EN 0.082 (± 0.003) 0.083 (± 0.001) 0.964 (± 0.067) 0.961 (± 0.042) 0.226 (± 0.003) 0.229 (± 0.003) 0.398 (± 0.004) 0.397 (± 0.001)
DE 0.094 (± 0.001) 0.095 (± 0.002) 0.859 (± 0.026) 0.915 (± 0.029) 0.192 (± 0.005) 0.192 (± 0.003) 0.503 (± 0.004) 0.504 (± 0.002)
LB 0.008 (± 0.001) 0.009 (± 0.000) 0.787 (± 0.025) 0.897 (± 0.030) 0.109 (± 0.002) 0.108 (± 0.001) 0.606 (± 0.002) 0.605 (± 0.003)

Table 4: Mixed vs. monolingual fine-tuning. Results compare the performance of mixed versus monolingual
fine-tuning strategies for Llama-3.1-8B. Best values are bolded. Reported values are Mean (± Standard Deviation)
across 5 independent generation runs on a hold-out test set of 650 users.

BLEU (↑) Len. Ratio (→ 1) ROUGE-1 (↑) Emb. Dist. (↓)

Size Base FT Base FT Base FT Base FT

0.6B 0.027 (± 0.000) 0.058 (± 0.002) 1.956 (± 0.023) 1.290 (± 0.050) 0.155 (± 0.002) 0.206 (± 0.002) 0.452 (± 0.003) 0.420 (± 0.002)
1.7B 0.016 (± 0.001) 0.058 (± 0.006) 3.585 (± 0.150) 1.319 (± 0.125) 0.176 (± 0.002) 0.202 (± 0.002) 0.425 (± 0.002) 0.421 (± 0.002)
4B 0.041 (± 0.002) 0.080 (± 0.002) 1.530 (± 0.038) 0.986 (± 0.034) 0.180 (± 0.002) 0.216 (± 0.002) 0.423 (± 0.003) 0.410 (± 0.003)
8B 0.038 (± 0.001) 0.081 (± 0.002) 1.624 (± 0.035) 0.933 (± 0.057) 0.180 (± 0.002) 0.220 (± 0.001) 0.418 (± 0.001) 0.408 (± 0.003)

Table 5: Impact of model size. Results compare performance across the Qwen3 model family in English. Best
values are bolded. Reported values are Mean (± Standard Deviation) across 5 independent generation runs on a
hold-out test set of 650 users.

Capacity Constraints of Small Models Small
models (0.6B and 1.7B) exhibit distinct limitations.
Although SFT successfully regulates their struc-
tural output, fixing the length ratio of the 1.7B
Base model (3.585 → 1.319), it cannot compen-
sate for their limited semantic reasoning. Both
models plateau at a BLEU score of ≈ 0.058 and
fail to significantly reduce the embedding distance
(≈ 0.420), indicating that they are learning to
mimic the format of the user’s speech, but lack
the capacity to capture deeper semantic patterns.
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D Extended Tables

BLEU (↑) Length Ratio (→ 1) ROUGE-1 (↑) ROUGE-2 (↑)

Lang Model Base FT Base FT Base FT Base FT

EN
Llama3.1 0.053 (± 0.001) 0.083 (± 0.001) 1.110 (± 0.028) 0.961 (± 0.042) 0.190 (± 0.004) 0.229 (± 0.003) 0.034 (± 0.003) 0.057 (± 0.001)
Qwen3 0.038 (± 0.001) 0.081 (± 0.002) 1.624 (± 0.035) 0.933 (± 0.057) 0.180 (± 0.002) 0.220 (± 0.001) 0.035 (± 0.002) 0.054 (± 0.002)
Ministral 0.039 (± 0.002) 0.081 (± 0.003) 1.428 (± 0.066) 0.985 (± 0.052) 0.186 (± 0.003) 0.223 (± 0.005) 0.032 (± 0.003) 0.052 (± 0.002)

DE
Llama3.1 0.065 (± 0.001) 0.095 (± 0.002) 1.205 (± 0.009) 0.915 (± 0.029) 0.172 (± 0.002) 0.192 (± 0.003) 0.041 (± 0.001) 0.063 (± 0.001)
Qwen3 0.049 (± 0.001) 0.094 (± 0.001) 1.633 (± 0.019) 0.926 (± 0.016) 0.171 (± 0.002) 0.188 (± 0.003) 0.040 (± 0.001) 0.061 (± 0.001)
Ministral 0.046 (± 0.001) 0.087 (± 0.005) 1.627 (± 0.013) 1.073 (± 0.050) 0.160 (± 0.001) 0.182 (± 0.003) 0.036 (± 0.001) 0.059 (± 0.002)

LB
Llama3.1 0.007 (± 0.001) 0.009 (± 0.000) 1.291 (± 0.026) 0.897 (± 0.030) 0.113 (± 0.002) 0.108 (± 0.001) 0.012 (± 0.001) 0.013 (± 0.001)
Qwen3 0.003 (± 0.000) 0.008 (± 0.001) 2.427 (± 0.036) 0.886 (± 0.028) 0.079 (± 0.001) 0.107 (± 0.002) 0.008 (± 0.000) 0.011 (± 0.000)
Ministral 0.003 (± 0.001) 0.010 (± 0.001) 2.980 (± 0.080) 1.077 (± 0.038) 0.081 (± 0.001) 0.114 (± 0.001) 0.008 (± 0.000) 0.012 (± 0.001)

Table 6: Extended Table for RQ1 & RQ2: Lexical Metrics Results show the impact of Supervised Fine-Tuning
(FT) vs. prompting the base model (Base) on prediction quality. Best values per comparison unit are bolded.
Reported values are Mean (± Standard Deviation) across 5 independent generation runs on a hold-out test set of 650
users. All models (8B parameters) were conditioned using the combined Biography+History strategy and trained
(FT) on a dataset of 3,800 users per language.

Qwen (↓) Gemma (↓) LuxEmbedder (↓)

Lang Model Base FT Base FT Base FT

EN
Llama3.1 0.420 (± 0.002) 0.397 (± 0.001) 0.418 (± 0.002) 0.402 (± 0.001) 0.271 (± 0.004) 0.261 (± 0.002)
Qwen3 0.418 (± 0.001) 0.408 (± 0.003) 0.426 (± 0.001) 0.413 (± 0.003) 0.280 (± 0.002) 0.265 (± 0.001)
Ministral 0.424 (± 0.004) 0.404 (± 0.001) 0.428 (± 0.004) 0.407 (± 0.003) 0.283 (± 0.004) 0.265 (± 0.004)

DE
Llama3.1 0.509 (± 0.001) 0.504 (± 0.002) 0.464 (± 0.003) 0.455 (± 0.005) 0.297 (± 0.000) 0.306 (± 0.003)
Qwen3 0.509 (± 0.003) 0.512 (± 0.006) 0.462 (± 0.002) 0.466 (± 0.005) 0.296 (± 0.002) 0.309 (± 0.005)
Ministral 0.505 (± 0.002) 0.502 (± 0.005) 0.469 (± 0.001) 0.456 (± 0.003) 0.308 (± 0.003) 0.302 (± 0.003)

LB
Llama3.1 0.579 (± 0.001) 0.605 (± 0.003) 0.621 (± 0.002) 0.626 (± 0.004) 0.410 (± 0.003) 0.463 (± 0.004)
Qwen3 0.578 (± 0.002) 0.610 (± 0.003) 0.622 (± 0.003) 0.635 (± 0.004) 0.415 (± 0.002) 0.470 (± 0.004)
Ministral 0.583 (± 0.002) 0.597 (± 0.005) 0.631 (± 0.002) 0.615 (± 0.004) 0.422 (± 0.004) 0.443 (± 0.003)

Table 7: Extended Table for RQ1 & RQ2: Embedding Distance Results show the impact of Supervised Fine-
Tuning (FT) vs. prompting the base model (Base) on embedding distance [0-2]. Best values per comparison unit are
bolded. Reported values are Mean (± Standard Deviation) across 5 independent generation runs on a hold-out test
set of 650 users. All models (8B parameters) were conditioned using the combined Biography+History strategy and
trained (FT) on a dataset of 3,800 users per language. Embedding Models: Qwen3-Embedding-8B (Zhang et al.,
2025b), embeddinggemma-300m (Vera et al., 2025), LuxEmbedder (Philippy et al., 2025).
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Abstract

We propose an agentic data augmentation
method for Aspect-Based Sentiment Analy-
sis (ABSA) that uses iterative generation and
verification to produce high-quality synthetic
training examples. To isolate the effect of
agentic structure, we also develop a closely
matched prompting-based baseline using the
same model and instructions. Both meth-
ods are evaluated across three ABSA sub-
tasks—Aspect Term Extraction (ATE), Aspect
Sentiment Classification (ATSC), and Aspect
Sentiment Pair Extraction (ASPE)—four Se-
mEval datasets, and two encoder–decoder mod-
els: T5-Base and Tk-Instruct. Our results
show that the agentic augmentation outper-
forms raw prompting in label preservation
of the augmented data, especially when the
tasks require aspect term generation. In ad-
dition, when combined with real data, agen-
tic augmentation provides higher gains, con-
sistently outperforming prompting-based gen-
eration. These benefits are most pronounced
for T5-Base, while the more heavily pretrained
Tk-Instruct exhibits smaller improvements.
As a result, augmented data helps T5-Base
achieve comparable performance with its coun-
terpart.

1 Introduction

Aspect-Based Sentiment Analysis (ABSA) seeks to
identify aspect terms in text and determine the sen-
timent expressed toward each one (Pontiki et al.,
2014, 2015, 2016). Despite its value in applica-
tions such as customer feedback analysis, ABSA
remains difficult because it requires fine-grained,
aspect-level annotations that are costly to produce
and limited in coverage. As a result, models often
struggle with rare aspect–sentiment combinations
and domain-specific linguistic variation. Recent
work has explored synthetic data generation using
large language models (Zhong et al., 2024; Liu
et al., 2024), but most approaches rely on prompt-

Figure 1: Overview of the agentic data augmentation
workflow. A generator agent first extracts a style policy
and produces candidate sentences, which are then evalu-
ated by an evaluator agent. Only validated examples are
saved, forming a high-quality synthetic dataset.

ing, which frequently produces label inconsisten-
cies, limited structural diversity, and insufficient
handling of corner cases.

In this work, we investigate whether agentic,
multi-step data generation can address these limi-
tations. We develop an augmentation pipeline that
uses Qwen2.5 (Bai et al., 2023) within a ReAct-
style (Yao et al., 2022) framework, separating
generation and evaluation into dedicated agents
equipped with tools for style extraction, policy con-
struction, and label verification. The novelty of
this approach lies in its task specific decomposition
rather than a feedback loop. This structured ap-
proach ensures that synthetic examples strictly ad-
here to the complex requirements of aspect-based
tasks. To isolate the effect of structured genera-
tion, we compare this system against a prompting
baseline that uses the same model, prompts, and
sampling strategy.

Empirically, we show that, compared to the raw
prompting method, the agentic pipeline generates
data, particularly those containing aspect terms,
whose labels are more consistent with those of
the original data. Furthermore, while the resulting
synthetic data alone cannot replace human annota-
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tions, the agentic augmentation—when mixed with
real data—improves the performance for T5-Base
and consistently outperforms naive prompting. We
also find that augmentation benefits depend on the
ABSA subtask and the underlying model: A sim-
pler task (ATSC) and a less instruction-tuned archi-
tecture (T5-Base) gain the most, while the heav-
ily pretrained model (Tk-Instruct) shows smaller
improvements. Our contributions are threefold: 1)
We introduce an agentic workflow for generating
high-quality, task-specific synthetic data for ABSA;
2) We design a matched prompting baseline to iso-
late the contribution of structured, self-reflective
generation; 3) We provide a systematic analysis of
how model pretraining, augmentation scale, and
subtask complexity shape the effectiveness of syn-
thetic data.

2 Related Work

Promptiong LLMs for Data Augmentation
Generating labeled data is a time-consuming and
labor-intensive task. Traditional augmentation
methods either function locally (Hsu et al., 2021a;
Karimi et al., 2021b) or globally but in the em-
bedding space, which reduces their controllability
(Karimi et al., 2021a). LLMs provide an alternative
to manual annotation by automatically generating
labeled training data for supervised learning tasks
(Meng et al., 2022; Ye et al., 2022a,b). Li et al.
(2023) show that while LLMs can produce syn-
thetic samples for text classification, the usefulness
of this data varies with task characteristics, with
more subjective or complex tasks showing reduced
benefit from synthetic examples. Liu et al. (2024)
study intrinsic self-correction in LLMs, where mod-
els are prompted to revise their own outputs after
initial generation using only their internal capabili-
ties, without external knowledge—highlighting the
potential for autonomous quality improvement.

Applying LLM augmentation to structured prob-
lems like ABSA requires deeper task understand-
ing, with its subtasks relying on fine-grained,
aspect-level sentiment labels (Pontiki et al., 2014,
2015, 2016). Chen et al. (2022) adapt Unsuper-
vised Data Augmentation for ABSA by introduc-
ing an MLM-based unmasking strategy to accom-
modate span-level structure and preserve token
alignment. Hsu et al. (2021b) propose Selective
Perturbed Masking (SPM), which modifies low-
importance tokens while maintaining label con-
sistency, enhancing lexical diversity. Zhong et al.

(2024) introduce Iterative Data Generation (IDG),
where LLMs iteratively produce and filter pseudo-
labeled ABSA data.

These techniques mostly rely on single-step
prompting, perturbation-based generation, or
sentence-level scoring using LLMs. Although
some approaches incorporate LLM-based evalu-
ation, they typically infer sentiment or quality from
the generated text using heuristic or soft scoring cri-
teria rather than explicitly checking whether the in-
tended aspect–sentiment labels were realized as in-
tended. Our approach instead introduces an agentic
pipeline that separates sampling, style extraction,
controlled generation, and automatic verification,
using LLMs to ensure that generated sentences ac-
tually reflect the intended labels. This design leads
to higher label consistency and structural alignment
in generated ABSA data.

Agentic Data Augmentation Recent research
investigated multi-agent and iterative generation
frameworks to improve synthetic data quality. Hy-
draGAN (DeSmet and Cook, 2024) introduces a
multi-agent generative framework in which multi-
ple discriminators jointly guide the data generation
process. MAG-V (Sengupta et al., 2024) introduces
a multi-agent framework in which agents generate
synthetic examples and verify them through alter-
nate question reconstruction, enhancing the relia-
bility of generated data. APIGen-MT (Prabhakar
et al., 2025) extends agentic generation to multi-
turn settings by coordinating a two-phase pipeline
that produces detailed task blueprints and uses sim-
ulated agent–human interaction to generate and
verify complete multi-turn data.

These methods explored synthetic data genera-
tion in various domains, but they were not designed
for the requirements of structured sentiment analy-
sis problems such as ABSA. They also do not incor-
porate ABSA-specific constraints like aspect-span
correctness or polarity alignment. Our work differs
by introducing an ABSA-focused agentic data aug-
mentation strategy that uses multi-step reasoning,
controlled generation, and automatic verification to
produce more consistent and task-aligned synthetic
ABSA data.

3 Methodology

3.1 Agentic Data Augmentation
Our augmentation system is built around a ReAct-
style agent architecture in which an LLM selects
and invokes tools to perform subtasks such as style
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extraction, sentence generation, and label verifi-
cation. The workflow (Figure 1) consists of two
cooperating agents—a generator and an evalua-
tor—that operate under clearly defined roles and
constraints. Importantly, both the agentic and
baseline prompting methods use the same under-
lying model (Qwen2.5-14B) and nearly identical
prompts; the only difference lies in the additional
reasoning and validation steps introduced by the
agentic framework. This ensures a controlled com-
parison of augmentation strategies.

3.1.1 Generator agent
The generator agent is responsible for producing
candidate sentences that reflect ABSA structure
and exhibit stylistic similarity to real customer re-
views. It relies on two tools to accomplish this task.
The first tool, get policy, prepares all metadata re-
quired for generation. It samples one to four aspect
terms and their sentiment polarities from the the
SemEval training data, ensuring realistic label dis-
tributions. To guide stylistic variety, the tool also
extracts writing style, grammatical structure, and
approximate sentence length from a small set of
real sentences drawn from the dataset. These com-
ponents are combined into a generation policy,
which acts as a blueprint for the construction of
each synthetic example.

Once the policy is formed, the generator agent
invokes its second tool, generate sentences, which
uses the metadata to produce a candidate ABSA-
style sentence. The underlying language model
receives a structured instruction template that en-
forces both stylistic guidance and strict adher-
ence to the sampled aspect–polarity pairs. The
tool returns the generated sentence followed by
machine-readable Terms= and Polarity= anno-
tations, ensuring compatibility with downstream
training pipelines. After this step, the candidate
sentence is passed to the evaluator agent.

3.1.2 Evaluator Agent
The evaluator agent ensures that only valid, label-
consistent examples are added to the synthetic
dataset. It also operates using two specialized tools.
The first, label inclusion, checks whether the gener-
ated sentence contains all required aspect terms ex-
actly as specified in the policy. This step identifies
structural deviations such as pluralization changes,
partial matches, or missing terms, which frequently
occur in naive prompting scenarios.

If the candidate passes this check, it is forwarded

to the second tool, label verifier, which evaluates
whether each aspect term is associated with the
correct sentiment polarity. The tool prompts the
language model to judge the alignment between the
sentence and the intended sentiment labels and re-
turns an OK or NOT OK decision. Only examples
that satisfy both structural and semantic criteria are
accepted into the synthetic dataset; all others are
discarded, and the generator agent is prompted to
create a new example.

3.2 Prompt-Based Data Generation

To isolate the effect of agentic reasoning, we in-
clude a simple prompting-based baseline. This
method uses the same underlying language model,
the same aspect–polarity sampling procedure, and
nearly the same instructions as the agentic genera-
tor, but it produces each sentence through a single
monolithic prompt without any style extraction,
tool usage, or verification steps. The prompting
baseline therefore represents a minimal augmen-
tation strategy against which the benefits of the
agentic workflow can be directly measured. Full
prompts are provided in Table 1.

4 Experiments

We evaluate our methods on the four standard Se-
mEval ABSA datasets (Laptop14, Rest14, Rest15,
and Rest16 (Pontiki et al., 2014, 2015, 2016)) cov-
ering the ATE, ATSC, and ASPE subtasks. All
experiments follow the InstructABSA (Scaria et al.,
2024) framework, using its preprocessing, train-
ing, and evaluation pipeline for comparability. We
adopt the InstructABSA framework since it rep-
resents one of the highest-performing and recent
benchmarks for instruction-based ABSA. Using its
established pipelines ensures that our results are
grounded in current standard practices and remain
comparable with existing benchmarks. We fine-
tune two encoder–decoder models: T5-Base (Raf-
fel et al., 2020) and Tk-Instruct-base (Wang
et al., 2022). Both models share the same architec-
ture, but Tk-Instruct is extensively instruction-
tuned on over 1,600 NLP tasks, unlike T5-Base.
All hyperparameters match the InstructABSA1 de-
faults, with the only modification being an in-
creased fine-tuning budget of 20 epochs. Each
experiment is repeated three times, and we report
averaged scores for reliability.

1https://github.com/kevinscaria/InstructABSA
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Raw Prompting Agentic Approach
You are a critic who can generate comments on the specified aspect and
sentiment.
We would like you to complete a sentence generation task. Please follow these
requirements:
- You need to use the sentiment, the aspect mentioned in the prompt
- Domain: Restaurants
- Your response must include:
1. The sentence.
2. A line that starts with Terms= followed by the list of aspect terms used.
3. A line that starts with Polarity= followed by the matching polarity list.
- ALL aspect terms must appear as actual aspects in the sentence with intended
polarities
- Generated sentence must have the writing style and grammar structure and
length of this sentence: {sent}
- The sentence should not have aspect words not specified in the prompt
- DO NOT repeat the input text in the output
- PRINT ONLY THE ANSWER TEXT — no explaining, nothing else
- Make sure to use aspect words in the output

Good Examples:
[’prices’] [’negative’]
The prices were too high for this type of restaurant
[’Gnocchi’, ’cheesecake’] [’positive’, ’negative’]
The Gnocchi was perfectly cooked and delicious, but the cheesecake was dry
and flavorless.

Bad Example:
[’soup’], [’positive’]
The udon soup was rich and flavorful. (term incorrect)
Make sure your output exactly follows this format.

Generate Sentence Prompt:
You are a critic who can generate comments on the specified aspect and
sentiment.
We would like you to complete a sentence generation task. Please follow
these requirements:
- Generate a sentence using this aspect term: {aspect_term} with the following
polarities: {polarity}
- Write in the style: {writing_style}, and use a {grammar_structure}
grammatical structure and {sentence_length} sentence length.
- Domain: Restaurants
- Include:
1. The sentence.
2. A line that starts with Terms= followed by the list of aspect terms used.
3. A line that starts with Polarity= followed by the matching polarity list.
- Follow the exact structure shown in the examples.
- Do not include explanations.
Use plain apostrophes (’) — do not escape with backslashes.

Label Verifier Prompt:
You are an expert in linguistic evaluation.
Check if the given aspect terms and polarities are correct for the provided
sentence.
- If all aspect terms appear as actual aspects in the sentence with intended
polarities, respond only with: OK
- If any term is missing, incorrect, or has the wrong polarity, respond only
with: NOT_OK
Do not provide explanations or any other text.
Example Input:
The food was lousy... Terms=[’food’] Polarity=[’negative’] → OK
The udon soup was rich and flavorful. Terms=[’soup’] Polarity=[’positive’]
→ NOT_OK

Table 1: Side-by-side comparison of raw prompting and agentic prompt structures. Both methods share identical task
instructions and output constraints; the agentic approach differs only by decomposing generation and verification
into separate steps, enabling automatic rejection of label-inconsistent outputs.

We use an automated experimental pipeline to
systematically control training configurations, in-
cluding data source (original, generated, mixed),
augmentation ratio, and target subtask, ensuring
consistent and fair comparison across all settings.
Synthetic training examples are generated with the
Qwen2.5-14B model using the Ollama framework
2. Both augmentation strategies—raw prompting
and our proposed agentic workflow—use the same
base model, the same prompts, and the same sam-
pling procedure for aspect–polarity pairs. We eval-
uate three data configurations: (1) training on the
original SemEval data only, (2) training on syn-
thetic data only, and (3) training on a mixture of
original and synthetic data. We Also test augmen-
tation scales of x1 (equal to the size of the original
training set) and x2 (twice the size).

5 Results and Discussions

Table 2 provides an overall summary of model per-
formance across all tasks, datasets, and augmenta-
tion strategies. Several clear patterns emerge. First,
training exclusively on synthetic data leads to a
substantial drop in performance for both models,
with prompting-based data performing worst and

2https://ollama.com

agentic data offering a noticeably higher baseline.
Second, when synthetic data is combined with real
training examples, agentic augmentation consis-
tently improves or closely matches the original-
data-only performance, particularly for T5-Base,
which shows gains across all three ABSA subtasks.
Tk-Instruct benefits more modestly from aug-
mentation, reflecting its stronger instruction-tuned
prior, but still shows stable or slightly improved per-
formance with agentic data. In contrast, prompting-
based augmentation is less reliable. While it occa-
sionally matches the original baseline, it often fails
to provide meaningful improvements and some-
times degrades performance, especially in the more
structurally complex tasks, such as aspect senti-
ment pair extraction and aspect term extraction.

A further observation is that increasing the
amount of synthetic data beyond a 1:1 ratio gen-
erally does not yield additional gains. For both
models and both augmentation strategies, the x2
setting either plateaus or slightly reduces perfor-
mance relative to x1, indicating that larger quanti-
ties of synthetic data amplify noise rather than add
useful training signal. Overall, these results show
that high-quality, agentically generated data can
enhance ABSA performance when used in modera-
tion, whereas naive prompting and large synthetic
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Model Data Source Training Strategy Ratio ASPE ATE ATSC

T5-Base Original Original – 78.84 88.15 86.65
T5-Base Agentic Gen 1.0 39.16 54.56 81.72
T5-Base Agentic Gen 2.0 39.45 54.10 82.26
T5-Base Agentic Mixed 1.0 79.6 88.66 88.10
T5-Base Agentic Mixed 2.0 78.26 88.58 87.37
T5-Base Prompting Gen 1.0 31.29 49.97 80.53
T5-Base Prompting Gen 2.0 30.60 47.90 79.387
T5-Base Prompting Mixed 1.0 78.26 87.90 87.27
T5-Base Prompting Mixed 2.0 76.88 87.67 87.08

Tk-Instruct Original Original – 80.84 89.45 88.25
Tk-Instruct Agentic Gen 1.0 42.17 54.69 80.79
Tk-Instruct Agentic Gen 2.0 42.54 53.05 81.22
Tk-Instruct Agentic Mixed 1.0 80.31 89.84 87.81
Tk-Instruct Agentic Mixed 2.0 80.02 89.07 87.54
Tk-Instruct Prompting Gen 1.0 31.98 46.40 79.34
Tk-Instruct Prompting Gen 2.0 30.62 44.67 78.39
Tk-Instruct Prompting Mixed 1.0 78.40 88.88 87.24
Tk-Instruct Prompting Mixed 2.0 79.15 87.98 87.21

Table 2: F1 scores of training strategies averaged over data sets and runs.

datasets offer limited benefit.

5.1 Label Consistency of Generated Data

Label accuracy is critical for synthetic ABSA
data, as LLM-generated sentences may alter aspect
terms or express incorrect polarities, introducing
noise that harms downstream training. To measure
this, we use Tk-Instruct model (fine-tuned on
SemEval-2016 Restaurants) as an automatic judge
and compute how many generated examples pre-
serve their intended aspect–polarity labels. We
evaluate 1,800 synthetic samples from both the
agentic and prompting methods, matching the size
and conditions of the original training set.

It is important to note that the Tk-Instruct
model used here serves only as an independent
judge and was not involved in the data generation
process. All the synthetic data was produced using
Qwen2.5. We chose a fine-tuned Tk-Instruct for
this measurement because of its high accuracy. Its
judgments are used purely for analysis and have no
influence on the synthetic data used for training.

Table 3 shows that agentic data has substantially
higher label consistency across all tasks, with espe-
cially large gains in ATE and ASPE. These results
confirm that the verification steps in the agentic
workflow produce cleaner, more reliable synthetic
labels than raw prompting.

5.2 Training on Generated Data

We evaluate how well models perform when trained
exclusively on synthetic data generated through
either prompting or the agentic workflow. Figure

Data Type ATE ATSC ASPE

Agentic 78.17% 80.37% 33.89%
Prompting 43.89% 72.94% 18.33%

Table 3: Label consistency of augmented data from
Rest16 dataset, measured by Tk-Instruct.

Figure 2: Average F1 score across all ABSA tasks for
each dataset, comparing original vs. generated-only
training, signaling the clear gap in quality between real
and synthetic data.

2 shows that training on synthetic data alone leads
to a large and consistent performance drop across
all tasks, datasets, and model architectures. This
confirms that current generation methods, despite
improvement from agentic workflows, can not yet
replace human-annotated ABSA data. Detailed per-
task and per-dataset results for ATE, ATSC, and
ASPE are provided in Tables 6, 7, and 8 in the
Appendix.

A major contributor to this performance gap
is the lack of linguistic richness in synthetic re-
views. Real SemEval sentences often contain indi-
rect sentiment, idioms, sarcasm, vague references,
and domain-specific expressions that are difficult
for generation models to reproduce. Even with
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Figure 3: ∆F1 between baseline and added agentic data,
across both T5-Base and Tk-Instruct. Each bar rep-
resents mean F1 scores averaged over ATE, ATSC, and
ASPE tasks for each dataset. This plot shows the clear
difference of the augmentation effectiveness on these
models.

stylistic conditioning, synthetic examples tend to
be cleaner, more literal, and less ambiguous, re-
ducing the diversity needed for robust generaliza-
tion. In addition, as mentioned earlier (Table 3),
synthetic data—especially from prompting—still
contains label inconsistencies that introduce further
noise. These semantic simplifications and residual
labeling errors compound most severely in com-
plex tasks like ASPE, widening the gap between
synthetic-only and real-data training.

5.3 Training on Mixed Data

While synthetic data on its own does not match the
performance of human-annotated training data, it
can still have a positive impact when used in com-
bination with real examples (Table 4 for the aspect
term extraction task). In this setup, the synthetic
data serves as a complementary source of variation.
It helps reinforce the core task structure and boosts
the diversity of examples the model sees, while the
real data provides that essential anchor with linguis-
tically rich and semantically consistent examples.
Detailed per-task and per-dataset results for ATSC,
and ASPE are provided in Tables 9 and 10 in the
Appendix.

5.4 Model Sensitivity to Data Augmentation:
T5 vs. Tk-Instruct

Our results show that T5-Base and Tk-Instruct
respond very differently to synthetic augmentation.
Across tasks and datasets, T5-Base consistently
benefits from agentic data in the Mixed x1 setting,
with clear gains in ATSC and stable or slightly im-
proved performance in ATE. In contrast, augmen-
tation has only marginal effects on Tk-Instruct,
and in some cases—particularly ASPE—slightly
lowers performance. This pattern is also reflected
in the aggregated task-level comparison (Figure 3),
where T5-Base shows noticeably larger improve-

Figure 4: Agentic data augmentation narrows the F1 gap
between T5-Base and Tk-Instruct. Grey bars indicate
the original model gap; blue bars show the performance
gain of T5-Base after agentic augmentation (Mixed x1).

ments from mixing real and synthetic data.
These differences can be attributed to the models’

pretraining. Tk-Instruct is heavily instruction-
tuned on over 1,600 NLP tasks (Wang et al., 2022),
giving it broad exposure to task structures and lin-
guistic patterns that already overlap with ABSA.
As a result, its baseline performance is strong and
additional synthetic examples add little new infor-
mation, sometimes even introducing redundant or
noisy patterns. T5-Base, lacking this instruction-
driven prior, benefits much more from the addi-
tional variation and task-specific structure intro-
duced by agentic augmentation.

This difference reinforces the idea that the utility
of data augmentation is inversely related to the
generalization capabilities already embedded in a
model’s pretraining. When a model has already
been exposed to massive, diverse, and well-labeled
task instructions, the benefits from new, generated
examples are just not as significant.

Additionally, This difference has an important
consequence: targeted synthetic augmentation can
significantly narrow, and sometimes eliminate,
the performance gap between the two models.
Although Tk-Instruct consistently outperforms
T5-Base when trained only on human-annotated
data, the introduction of agentic synthetic exam-
ples (Mixed x1) leads to sharp improvements in
T5-Base. As shown in Figure 4, these gains of-
ten bring T5-Base close to Tk-Instruct and even
allow it to surpass the counterpart.

This shift highlights a key contribution of our
work: task-specific agentic augmentation can sub-
stitute for large-scale instruction tuning. Whereas
Tk-Instruct achieves its performance through
massive, manually curated pretraining, our agentic
pipeline is fully automatic and tailored directly to
ABSA. Despite this simplicity, it provides substan-
tial benefits to models like T5-Base and reduces
their dependence on costly human-designed pre-
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Model Data Type Laptop14 Rest14 Rest15 Rest16

T5-Base

Original Data 93.32 95.12 80.90 83.28

Mixed Data - Agentic
Mixed x1 93.82 ↑0.50 94.63 ↓0.49 80.98 ↑0.08 85.21 ↑1.93
Mixed x2 93.50 ↑0.18 94.26 ↓0.86 82.22 ↑1.32 84.37 ↑1.09

Mixed Data - Prompting
Mixed x1 92.83 ↓0.49 94.53 ↓0.59 80.43 ↓0.47 83.83 ↑0.55
Mixed x2 92.97 ↓0.35 94.14 ↓0.98 78.88 ↓2.02 84.72 ↑1.44

Tk-Instruct

Original Data 93.91 95.01 83.41 85.47

Mixed Data - Agentic
Mixed x1 93.93 ↑0.02 94.20 ↓0.81 84.12 ↑0.71 87.14 ↑1.67
Mixed x2 94.07 ↑0.16 93.34 ↓1.67 82.50 ↓0.91 86.38 ↑0.91

Mixed Data - Prompting
Mixed x1 93.80 ↓0.11 94.10 ↓0.91 82.30 ↓1.11 85.32 ↓0.15
Mixed x2 93.35 ↓0.56 94.20 ↓0.81 80.00 ↓3.41 84.39 ↓1.08

Table 4: ATE F1 scores across datasets for each model trained on original data and mixed datasets combining
original and synthetic examples. Mixed x1 and Mixed x2 denote synthetic-to-original data ratios of 1:1 and 2:1,
respectively. Agentic augmentation provides clearer gains, while prompting-based augmentation yields limited or
negative impact.

Figure 5: Average F1 score change (∆F 1) for agentic
and prompting augmentation, computed as the differ-
ence between the Mixed x1 setup and original-only base-
line. Scores are averaged across three ABSA subtasks
and two model architectures for each dataset.

training corpora.

5.5 Agentic vs. Prompting-Based
Augmentation

Since both augmentation methods use the same
language model, the same prompts, and the same
aspect–polarity sampling strategy, any difference
in downstream performance is expected to come
from the generation process itself. Across all tasks,
datasets, and model architectures, agentic augmen-
tation consistently improves or matches baseline
performance, whereas prompting-based augmenta-
tion rarely helps and often degrades model accu-
racy. Figure 5 summarizes this trend.

The advantage of the agentic workflow stems
from its built-in evaluation and verification steps.
Unlike prompting, which accepts every LLM out-
put—even those with incorrect aspect terms, mis-
matched polarities, or overly simplistic phras-
ing—the agentic pipeline filters out noisy genera-

tions through explicit policy construction and label
checking. As a result, agentic data achieves sub-
stantially higher label consistency (Table 3), mak-
ing it more beneficial when utilized either alone or
mixed with real data.

Both methods also employ uniform sampling
to counteract label and term-frequency biases in
the original datasets, and both help expose mod-
els to underrepresented aspect terms and polarities.
Figure 6 depicts the distribution in SemEval 16
restaurant data set. However, only the agentic ap-
proach provides this benefit without introducing
too much additional noise. Prompting-generated
data suffers from low label accuracy 3, which can-
cels out the expected gains of bias correction and
ultimately harms downstream training.

Overall, the evidence shows that high-quality
augmentation requires more than good prompts:
it requires structured generation, verification, and
filtering. The agentic framework delivers this con-
trol, producing cleaner, more reliable synthetic ex-
amples, while naive prompting fails to meet the
consistency that ABSA tasks demand.

5.6 Task Sensitivity to Augmentation: ATE vs.
ASPE vs. ATSC

The effects of data augmentation are not uniform
across ABSA subtasks. As we can see in Figure
7, both ATE and ATSC benefit consistently from
agentic synthetic data, showing clear improvements
across most datasets and models. In contrast, gains
in ASPE are limited and often inconsistent, espe-
cially for Tk-Instruct. This pattern aligns with
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Figure 6: Comparison of food-related term frequency
and sentiment polarity in Rest 16 across original and
mixed data sets, suggesting that augmentation mitigates
the inherent biases.

Figure 7: Average change in F1 score across all datasets
and both models for each ABSA task (ATE, ATSC,
ASPE) under Mixed x1 conditions. This figure points
out the effectiveness of augmentation for each task.

the relative difficulty of the tasks: ATSC requires
only sentiment classification for a given aspect,
making it the easiest to support with synthetic ex-
amples. ATE is more challenging because the
model must identify aspect spans, and ASPE is
the most complex, requiring both extraction and
sentiment assignment simultaneously.

The label consistency results in Table 3 rein-
force this trend. Synthetic examples are highly
reliable for ATSC, where the model only needs
to express sentiment toward an already-given as-
pect. Because this task involves a single, explicit
decision, both prompting and agentic generation
tend to produce clean and well-aligned labels. For
ATE, consistency drops: the model must identify
aspect spans on its own, and generated sentences
sometimes introduce ambiguity—such as multi-
word expressions, coordination, or slight wording
mismatches—that make span extraction harder to
learn from. ASPE shows the lowest consistency,
as it compounds the challenges of both ATE and
ATSC. Here, even small deviations (e.g., missing
one term, splitting a phrase, misplacing a senti-
ment) break the aspect–sentiment pairing and in-
troduce noise into training.

This downward progression in label reliability
directly mirrors the downstream performance pat-
terns. When the labels are simple and unambigu-

ous, as in ATSC, augmentation provides strong and
consistent improvements. When labels become
harder to generate and validate, as in ATE and espe-
cially ASPE, the benefit diminishes and may even
reverse. In essence, the harder the task, the more
fragile augmentation becomes, because even subtle
inconsistencies in synthetic labels can mislead the
model and outweigh the value of increased data
diversity.

6 Conclusions and Future Work

In this research, we explored the effectiveness of
agentic data augmentation specifically for Aspect-
Based Sentiment Analysis (ABSA). By compar-
ing an agentic workflow to an otherwise identical
prompting-based pipeline—using the same model,
prompts, and sampling—we isolated the impact
of structured generation and verification on down-
stream performance across three ABSA subtasks
and four benchmark datasets. Our results show that,
while synthetic data does not contain as much infor-
mation as human annotations, high-quality agentic
data improves performance when mixed with real
examples. These gains are strongest for T5-Base,
enabling it to approach or even surpass the baseline
performance of the more extensively pretrained
Tk-Instruct model. This demonstrates that task-
specific, high-quality augmentation can partially
close the gap created by large-scale instruction tun-
ing.

We also find that agentic augmentation con-
sistently outperforms naive prompting due to its
higher label consistency and lower noise, despite
using the same underlying model. Benefits are
task-dependent: ATSC and ATE show clear im-
provements, while ASPE sees limited gains due to
its higher structural complexity. Finally, augmen-
tation is effective only in moderation—1:1 mixing
yields improvements, but larger synthetic datasets
dilute quality and reduce performance. Overall,
these findings highlight that controlled, agentic
generation provides a practical and scalable way
to enhance ABSA models, offering meaningful
gains without requiring extensive pretraining or
additional human annotation.

Future work may extend this agentic augmen-
tation framework to additional languages and do-
mains, leveraging multilingual LLMs to broaden
applicability with minimal structural changes. An-
other promising direction is to decompose the
pipeline into task-specialized components—for ex-
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ample, using a strong text generator for sample
creation and a dedicated ABSA model for valida-
tion—to further improve data quality. Incorporat-
ing adaptive sampling or confidence-based filtering
could help prioritize informative and reliable syn-
thetic examples, reducing noise during training. Fi-
nally, integrating model-in-the-loop feedback into
the agentic workflow would allow the system to
generate data that directly targets a model’s weak-
nesses, enabling more efficient, responsive, and
context-aware augmentation.

7 Limitations

This work is constrained by the capabilities of
the open-source LLMs available to us. Although
Qwen2.5 provides solid tool-calling performance,
it remains less capable than proprietary state-of-the-
art systems, limiting the complexity of the agent
architecture we could implement. In addition, the
selected model might be less capable than other
larger open-source models, which can impact the
quality of the decisions it makes during the process
of data generation.

8 Ethical Considerations

This work uses publicly available SemEval datasets
and open-source models such as T5, Tk-Instruct,
and Qwen2.5. While widely adopted, these re-
sources may contain biases or inaccuracies that can
influence model behavior; a detailed analysis of
such issues is beyond the scope of this study. We
also acknowledge that sentiment analysis systems
can be misused if deployed irresponsibly. Although
our focus is strictly on technical aspects of data
augmentation, we emphasize the need for careful,
ethical application of these methods and encourage
future work to examine fairness, bias, and potential
downstream risks more closely.
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9 Appendix

9.1 Agentic Generation and Evaluation
Traces

The following examples illustrate the agentic work-
flow for data generation and evaluation. The gen-
eration trace shows how sentences are produced
under explicit stylistic and label constraints, while
the evaluation trace demonstrates how incorrect or
misaligned outputs are automatically filtered. To-
gether, these examples highlight how the agentic
pipeline enforces label correctness before synthetic
data is accepted.
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Agentic Generation Trace Example

Agent Input:
generate a sentence with dataset information in mind.

Agent Reasoning Trace:

• Tool Call: get_info()

• Tool Response: {"writing_style": "informal", "grammar_structure": "simple
sentences", "length": "medium"}, "Terms": [’Ginger House’, "Polarity":
[’positive’]

• Tool Call:
generate_sentences(style_info= {"writing_style": "informal",
"grammar_structure": "simple sentences", "length": "medium"})

• Tool Response:
The Ginger House is a cozy spot that really warms the heart!
Terms= [’Ginger House’]
Polarity= [’positive’]

Agentic Evaluation Trace Example

Input:
The balcony was cramped and had limited tables, but I loved the view from it.
Terms= [’balcony’], Polarity= [’negative’]

Agent Trace:

• Tool Call: label_inclusion

• Tool Response: OK

• Tool Call: evaluate_sentence

• Tool Response: NOT_OK

• Final Decision: NOT_OK
The generated sentence failed the second check

9.2 Additional Results
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ID raw_text aspectTerms aspectCategories
2383 Bottom line: B+ for the food, F for the service. [{term: food, polarity: positive},

{term: service, polarity: nega-
tive}]

[{category:food, polarity: posi-
tive}, {category: service, polar-
ity: negative}]

766 We always go there on the weekends and leave
extremely full and satisfied.

[{term: noaspectterm, polarity:
none}]

[{category: anecdotes, polarity:
positive}]

1419 We actually gave 10% tip (which we have
never done despite mediocre food and service),
because we felt totally ripped off.

[{term: food, polarity: neutral},
{term: service, polarity: neutral},
{term: tip, polarity: negative}]

[{category: food, polarity: neu-
tral}, {category: service, polar-
ity: neutral}, {category: price,
polarity: negative}]

1700 The food was good. [{term: food, polarity: positive}] [{category: food, polarity: posi-
tive}]

1892 Service is great, takeout is good too. [{term: Service, polarity: pos-
itive}, {term: takeout, polarity:
positive}]

[{category: food, polarity: posi-
tive}, {category: service, polar-
ity: positive}]

Table 5: Sample entries from SemEval-2014 Restaurant dataset

Model Data Type Laptop14 Rest14 Rest15 Rest16

T5-Base

Original Data 93.32 95.12 80.90 83.28

Generated Data - Agentic
Gen. x1 46.18 66.53 50.82 54.73
Gen. x2 46.83 65.09 50.19 54.30

Generated Data - Prompting
Gen. x1 41.46 58.85 48.45 51.13
Gen. x2 40.35 55.73 46.49 49.05

Tk-Instruct

Original Data 93.91 95.01 83.41 85.47

Generated Data - Agentic
Gen. x1 47.23 65.23 50.63 55.69
Gen. x2 45.39 64.00 50.82 52.02

Generated Data - Prompting
Gen. x1 39.69 55.38 44.67 45.86
Gen. x2 39.26 51.71 43.89 43.83

Table 6: ATE F1 scores across datasets for each model trained on original data and on synthetic data only. Gen.
x1 and Gen. x2 indicate synthetic data generated at 1:1 and 2:1 ratios relative to the original training set. Agentic
generation consistently outperforms prompting, while synthetic-only training shows lower performance.

Model Data Type Laptop14 Rest14 Rest15 Rest16

T5-Base

Original Data 79.78 86.25 88.74 91.86

Generated Data - Agentic
Gen. x1 77.42 79.64 81.54 88.29
Gen. x2 78.05 80.00 81.73 89.26

Generated Data - Prompting
Gen. x1 75.86 76.85 81.84 87.57
Gen. x2 74.92 75.53 80.44 86.66

Tk-Instruct

Original Data 82.75 87.41 88.56 94.30

Generated Data - Agentic
Gen. x1 74.60 79.37 80.44 88.78
Gen. x2 76.64 79.10 79.88 89.26

Generated Data - Prompting
Gen. x1 73.04 76.25 82.28 86.17
Gen. x2 72.57 76.25 79.70 85.04

Table 7: ATSC F1 scores across datasets for each model trained on original data and on synthetic data only. Gen.
x1 and Gen. x2 indicate synthetic data generated at 1:1 and 2:1 ratios relative to the original training set. Agentic
generation consistently outperforms prompting, while synthetic-only training shows lower performance.
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Model Data Type Laptop14 Rest14 Rest15 Rest16

T5-Base

Original Data 81.19 81.34 73.38 79.47

Generated Data - Agentic
Gen. x1 28.42 48.79 37.94 41.49
Gen. x2 28.81 48.88 37.58 42.56

Generated Data - Prompting
Gen. x1 23.13 38.15 28.58 35.30
Gen. x2 22.80 36.00 29.09 34.51

Tk-Instruct

Original Data 82.03 82.49 77.25 81.60

Generated Data - Agentic
Gen. x1 31.98 50.07 40.02 46.63
Gen. x2 31.72 50.60 41.04 46.83

Generated Data - Prompting
Gen. x1 23.47 39.47 31.87 33.12
Gen. x2 22.04 36.03 31.32 33.12

Table 8: ASPE F1 scores across datasets for each model when trained on original data and on synthetic data only.
Gen. x1 and Gen. x2 denote synthetic datasets generated at ratios of 1:1 and 2:1 relative to the original training set
size. The performance gap between synthetic-only and original data is most pronounced for ASPE, highlighting the
difficulty of learning joint aspect–sentiment extraction from generated data alone, even with agentic generation.

Model Data Type Laptop14 Rest14 Rest15 Rest16

T5-Base

Original Data 79.78 86.25 88.74 91.86

Mixed Data - Agentic
Mixed x1 83.38 ↑3.60 86.78 ↑0.53 88.92 ↑0.18 93.33 ↑1.47
Mixed x2 81.34 ↑1.56 86.42 ↑0.17 88.56 ↓0.18 93.17 ↑1.31

Mixed Data - Prompting
Mixed x1 79.93 ↑0.15 86.96 ↑0.71 88.37 ↓0.37 93.82 ↑1.96
Mixed x2 81.34 ↑1.56 85.62 ↓0.63 88.37 ↓0.37 93.00 ↑1.14

Tk-Instruct

Original Data 82.75 87.41 88.56 94.30

Mixed Data - Agentic
Mixed x1 80.72 ↓2.03 88.30 ↑0.89 88.92 ↑0.36 93.33 ↓0.97
Mixed x2 81.34 ↓1.41 87.41 ↓0.00 88.74 ↑0.18 92.68 ↓1.62

Mixed Data - Prompting
Mixed x1 80.87 ↓1.88 87.58 ↑0.17 88.00 ↓0.56 92.52 ↓1.78
Mixed x2 81.19 ↓1.56 87.23 ↓0.18 87.60 ↓0.96 92.84 ↓1.46

Table 9: ATSC F1 scores across datasets for each model trained on original data and mixed datasets combining
original and synthetic examples. Mixed x1 and Mixed x2 denote synthetic-to-original data ratios of 1:1 and 2:1;
Agentic augmentation yields the largest and most consistent gains for T5-Base, whereas Tk-Instruct shows mixed or
negative changes under both augmentation methods.

Model Data Type Laptop14 Rest14 Rest15 Rest16

T5-Base

Original Data 81.19 81.34 73.38 79.47

Mixed Data - Agentic
Mixed x1 82.37 ↑1.18 80.31 ↓1.03 76.00 ↑2.62 79.72 ↑0.25
Mixed x2 78.84 ↓2.35 81.52 ↑0.18 73.89 ↑0.51 78.79 ↓0.68

Mixed Data - Prompting
Mixed x1 80.68 ↓0.51 80.42 ↓0.92 72.92 ↓0.46 79.02 ↓0.45
Mixed x2 78.71 ↓2.48 80.42 ↓0.92 72.34 ↓1.04 76.06 ↓3.41

Tk-Instruct

Original Data 82.03 82.49 77.25 81.60

Mixed Data - Agentic
Mixed x1 81.29 ↓0.74 82.38 ↓0.11 76.79 ↓0.46 80.80 ↓0.80
Mixed x2 80.62 ↓1.41 81.66 ↓0.83 75.60 ↓1.65 82.21 ↑0.61

Mixed Data - Prompting
Mixed x1 80.46 ↓1.57 81.22 ↓1.27 74.41 ↓2.84 77.54 ↓4.06
Mixed x2 79.70 ↓2.33 81.52 ↓0.97 74.10 ↓3.15 81.30 ↓0.30

Table 10: ASPE F1 scores across datasets for each model trained on original data and mixed datasets combining
original and synthetic examples. Mixed x1 and Mixed x2 denote synthetic-to-original data ratios of 1:1 and
2:1, respectively; Agentic augmentation yields modest and dataset-dependent improvements. Prompting-based
augmentation generally leads to performance drops for both models.
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Abstract

Antisocial behavior (ASB) on social media en-
compasses online behaviors that harm individu-
als, groups, or platform ecosystems, includ-
ing hate speech, harassment, cyberbullying,
trolling, and coordinated abuse. While most
prior work has focused on detecting harm after
it occurs, a growing body of research on ASB
prediction seeks to forecast future harmful out-
comes before they materialize, including—but
not limited to—hate-speech diffusion, conver-
sational derailment, and user recidivism. How-
ever, this emerging field remains fragmented,
with limited conceptual grounding and few in-
tegrative frameworks. This paper establishes a
foundation for ASB prediction by introducing a
structured taxonomy spanning temporal, struc-
tural, and behavioral dimensions. Drawing on
49 machine learning studies identified through
a literature review, we map predictive goals
to datasets, modeling choices, and evaluation
practices, and identify key challenges, includ-
ing the lack of standardized benchmarks, the
dominance of text-centric representations, and
trade-offs between accuracy and interpretabil-
ity. We conclude by outlining actionable direc-
tions toward more robust, generalizable, and
responsible ASB prediction systems.

1 Introduction

Social media platforms have reshaped how peo-
ple consume information and engage in public
discourse (Kahn and Kellner, 2004; Brown et al.,
2007; Quattrociocchi et al., 2014). While these sys-
tems enable large-scale participation (Criado et al.,
2013; Etta et al., 2022), they also facilitate harmful
dynamics such as misinformation (Vicario et al.,
2016), echo chambers (Cinelli et al., 2021), and
hostility (Cheng et al., 2017; Saveski et al., 2021).
These conditions often lead to antisocial behavior
(ASB)—understood here as online behaviors that
disregard or violate the rights and well-being of
others, including hate speech, harassment, trolling,

and related forms of harmful interaction (Ollagnier
et al., 2023a,b; Chowdhury et al., 2019)—with se-
rious individual and societal consequences (Parent
et al., 2019; Saha et al., 2019).

While harmful content detection has been ex-
tensively studied, ASB prediction—defined as the
computational modeling of future harmful behav-
iors—remains underexplored, as evidenced by our
systematic review identifying only 49 machine-
learning studies since 2014 (Appendix A). The field
has nonetheless accelerated sharply: from isolated
contributions in 2014–2017 (one paper per year),
to modest growth in 2018–2019, and a marked
surge from 2020 onward. This expansion reflects
heightened awareness of online harms, broader ac-
cess to social media data, rapid advances in NLP
and machine learning (ML), and growing regula-
tory and societal pressures—including the EU Dig-
ital Services Act1 (2025), the UN’s International
Day for Countering Hate Speech2, and grassroots
counter-speech movements such as #IamHere3. Im-
portantly, this evolution is not only quantitative but
also qualitative: since 2020, ASB prediction has
gained visibility in top-tier venues such as EMNLP,
NAACL, ICWSM, KDD, and IEEE Transactions
on Network Science and Engineering, reflecting
growing methodological sophistication and inter-
disciplinary engagement. Yet the field remains frag-
mented, with limited conceptual grounding and few
integrative frameworks.

To address this gap, we draw on our system-
atic literature review of machine-learning–oriented
studies to propose a structured synthesis of progress
to date, identify best practices, and highlight cur-
rent limitations alongside open challenges. Af-
ter introducing background on ASB (§2), the sur-
vey is structured around three dimensions: task
design (§3), data selection (§4), and evaluation

1EU Digital Services Act
2UN Strategy and Plan of Action on Hate Speech
3#IamHere International
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(§5). We then discuss key challenges and promis-
ing research directions (§6), with full details of the
review methodology provided in Appendix A.

2 Background

2.1 Definitions

Hate speech has traditionally occupied a central
place in academic and legal debates, yet it repre-
sents only one subset of abusive language, typically
defined by its function (e.g., incitement) and target
(identity-based groups) (Poletto et al., 2021). More
broadly, ASB originates in social and clinical psy-
chology, where it denotes a persistent pattern of dis-
regard for or violation of the rights and well-being
of others, as formalized in the DSM-5 (American
Psychiatric Association, 2013). In online contexts,
we use ASB not as a clinical diagnosis but as a be-
havioral construct capturing observable actions that
harm individuals, groups, or platform ecosystems.
Adopting ASB as an umbrella term reduces the
conceptual fragmentation introduced by overlap-
ping notions such as online abuse, toxic language,
and cyberaggression (Poletto et al., 2021; Alkomah
and Ma, 2022; Jahan and Oussalah, 2023). Draw-
ing on social psychology, platform governance
frameworks (Meta, 2022), and computational so-
cial science (Gruzd et al., 2020; Haythornthwaite,
2023), we define online ASB along three dimen-
sions: personal harms (e.g., harassment, cyberbul-
lying), group-directed harms (e.g., identity-based
hate, stereotyping), and environmental disrup-
tions (e.g., trolling, misinformation, coordinated
harassment). This definition integrates both lin-
guistic content and behavioral patterns, providing
a clear foundation for ASB prediction.

2.2 Taxonomy of ASB computational tasks

To address the absence of a structured frame-
work for ASB prediction, we propose a taxonomy
grounded in the collected literature. Adapting the
thematic analysis framework of Zhou et al. (2022)
to our goals, we organize predictive tasks along
two complementary dimensions: their temporal
orientation, which specifies when harm is antici-
pated (e.g., emergence, escalation, or diffusion),
and their operational purpose, which clarifies why
it is modeled (e.g., moderation, risk assessment,
or intervention). This two-dimensional taxonomy
yields five task categories, illustrated below with
scenarios (see Appendix B for a detailed overview).

Harm Emergence. This task forecasts whether
an initially civil interaction—such as a thread, com-
ment exchange, or reply chain—will develop into
harmful behavior. Models look for subtle precur-
sors like escalating rhetoric, sentiment shifts, or
power dynamics to anticipate toxicity before ex-
plicit harmful content appears.

User A: I don’t think the article should call the policy
“controversial.”
User B: Reliable sources use that term, so it seems
justified.
User A: You’re just pushing your agenda.
User B: That’s unfair—please stick to the evidence.
User A: People like you ruin every discussion here!
Observed pattern: The bolded remark introduces
an adversarial tone in an otherwise civil exchange,
signaling a possible shift toward personal attacks.

Harm Propagation. Rather than predicting if
harm will occur, this task models how existing
harmful content will spread across networks. It
estimates the reach, speed, and diffusion trajectory
of toxic material, identifying which hateful posts
are likely to go viral or which communities will
amplify them.

User A: Those people are ruining our country. Share
this so everyone knows the truth!
User B: Exactly! Everyone in my group needs to see
this. (shares to a community group)
User C: This is going viral—just shared it with 10
friends.
User D: Spreading fast—check out this hateful meme.
(reshare with image)
Observed pattern: Rapid resharing across groups
indicates accelerating virality, pointing to high expo-
sure risk if left unchecked.

Early Harm Detection. This task emphasizes
rapid intervention, predicting harmful behavior
from minimal early signals—often just the first
few messages in a thread. The aim is to enable
triage before harm escalates.

User A: “Does anyone have tips for first-time job
seekers?”
User B: “Maybe start by not being so lazy.”
User C: “Yeah, people like you just want handouts.”
Observed pattern: Even at the outset, the exchange
shows dismissive and stereotyping remarks, making
it a likely candidate for escalation into bullying.

Behavioral Risk. Here, the focus shifts from con-
tent to individuals. Models assess whether a user
is likely to engage in, or become a target of, ASB.
They build risk profiles from prior behavior, lin-
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guistic cues, and engagement patterns.

Perpetration risk (user likely to engage in ASB).
User X (Mon): “Debate’s heated, but let’s keep it
civil.”
User X (Wed): “Some people just don’t belong
here...”
User X (Thu): joins @HardLineForum; likes several
posts with coded slurs.
User X (Fri): “They’re parasites—open your eyes.”
Observed pattern: A progression from neutral to ex-
clusionary to dehumanizing language, coupled with
extremist ties, reveals growing perpetration risk.

Proactive Moderation. Models in this category
support interventions before harm materializes.
They predict harmfulness at the moment of posting,
suggest safer edits, or prioritize items for review.

User A (drafting a comment): “This journalist is a
lying idiot—don’t trust anything she writes.”
Observed pattern: At the drafting stage, the sys-
tem flags personal insults and polarizing phrasing,
offering a constructive rewording before publication.

3 Step 1: Design your task

The first step in building an ASB prediction sys-
tem is to determine which task(s) you aim to ad-
dress. Tasks vary depending on whether you pre-
dict categories or continuous outcomes, and at
which level—actors or content—they occur.

3.1 Classifying ASB

Classification tasks assign a discrete label to
an observation to characterize the phenomenon.
Schemes range from binary (e.g., toxic vs. non-
toxic content (Kennedy et al., 2020a; Saveski et al.,
2021) or banned vs. not banned users (Cheng
et al., 2015)) to multi-class setups, such as
high/medium/low incivility (Yu et al., 2024).

Actor classification. Actor-level tasks predict
user-level risks and behaviors. Models estimate
whether a user will be banned (Cheng et al., 2015;
Hickey et al., 2025), join or escalate activity in
harmful communities, spread toxic narratives (Irani
et al., 2021), or generate abusive replies (Tsantarli-
otis et al., 2017). Some studies also forecast longi-
tudinal trends, such as users’ contributions to future
harm or their recidivism risk (Song et al., 2025).

Content classification. Content-level tasks fo-
cus on posts, threads, or conversations, predicting
whether an interaction will lead to or amplify harm.
Examples include forecasting whether a comment

thread will derail into personal attacks (Nonaka and
Yoshida, 2025; Altarawneh et al., 2023), whether a
post will trigger cyberbullying (Hosseinmardi et al.,
2015), or whether a tweet will spark widespread
toxic replies (Al-Merekhi et al., 2020).

3.2 Regressing ASB
Regression tasks predict continuous measures of
harm offering finer-grained signals that reflect in-
tensity or likelihood.

Actor regression. At the actor level, models fore-
cast continuous user outcomes, such as how a user’s
harmful behavior may evolve, their probability of
returning after moderation, or their trajectory of
engagement with toxic communities (Chelmis and
Yao, 2019; Levy et al., 2022).

Content regression. At the content level, models
estimate harm scores for posts or conversations,
such as the predicted intensity of harassment in
a thread (Dahiya et al., 2021; Meng et al., 2023),
expected hate triggered by a new post, or diffusion
strength of harmful narratives (Han et al., 2021).

Classification often over-simplifies behaviors, pro-
ducing false positives on strong but benign language
or false negatives on subtle harms. Mitigation: adopt
multi-label or hierarchical schemes, add contextual
metadata, and treat annotator disagreement as infor-
mative (Lambert et al., 2022; Kim et al., 2025).
Regression suffers from label subjectivity and drift:
harm scores vary with annotators, time, and platform
norms, leading to uncalibrated outputs. Mitigation:
apply calibration techniques, use multi-rater judg-
ments, and train on longitudinal data to capture evolv-
ing behaviors (Meng et al., 2023; Gajo et al., 2023;
Alharthi et al., 2025).

3.3 Timing of Prediction: Ex-ante vs. Peeking
Beyond deciding what to predict, you must also
decide when to predict. A detailed overview of
feature-based model strategies and formulations is
provided in Appendix C.

Ex-ante prediction Ex-ante models predict harm
at or before content is posted, using only static fea-
tures such as text, images, user metadata, or net-
work structure. For example, some models predict
whether an Instagram post will trigger cyberbully-
ing using only the image, caption, and poster’s
social graph (Hosseinmardi et al., 2015, 2016).
Context-aware variants add structural or person-
ality features while remaining anticipatory (Han
et al., 2021; Liu et al., 2024a; Solovev and Pröl-
lochs, 2023). Ex-ante strategies are especially com-
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mon in classification tasks because they enable im-
mediate moderation.
Peeking prediction. Peeking strategies allow mod-
els to observe early interactions—such as initial
replies—before predicting. This often improves ac-
curacy but introduces delay, making them ideal for
early warning systems. Examples include forecast-
ing hate intensity in threads or detecting cyberbully-
ing after initial comment patterns (López-Vizcaíno
et al., 2023a; Solovev and Pröllochs, 2023). Pro-
gressive approaches update predictions as data ar-
rives and can stop once confidence is sufficient (Al-
Merekhi et al., 2020; Meng et al., 2023).

Ex-ante and peeking strategies present distinct trade-
offs for ASB prediction. Ex-ante approaches enable
instant action but rely only on static features, often
reducing accuracy and increasing false positives. In
contrast, peeking strategies achieve higher accuracy
by incorporating early conversational signals but de-
lay intervention, risking harmful escalation. A practi-
cal solution, inspired by principles of information dif-
fusion, is an a priori strategy: treat ex-ante predictions
as low-confidence hypotheses (e.g., soft warnings or
reduced reach) that are progressively refined as in-
teraction evidence accumulates (Zhou et al., 2022).
This hybrid approach ensures moderation that is both
timely and adaptive.

4 Step 2: Select the data

After defining the task, the next step is to decide
whether to build a new dataset or rely on existing
resources. This section synthesizes, based on our
systematic review of ASB prediction studies, the
main data collection procedures reported in the lit-
erature and the characteristics of publicly available
datasets employed.

4.1 Collecting your own data

The following analysis framework builds on the col-
lection strategies outlined by Bonaldi et al. (2024).

Crawling. Crawling refers to the automated col-
lection of real content from online platforms such
as social networking sites (e.g., YouTube (Kennedy
et al., 2020a), Twitter/X (Saveski et al., 2021;
Alharthi et al., 2025)), discussion forums (e.g.,
Wikipedia Talk Pages (Altarawneh et al., 2023;
Nonaka and Yoshida, 2025), Reddit (Yu et al.,
2024; Hickey et al., 2025)), or news platforms
(e.g., CNN, NYT (Han et al., 2021; Liu et al.,
2024a)). This approach is particularly attractive
because it can yield large-scale and diverse data
samples, capturing a wide variety of contexts and

interaction styles. However, the way content is re-
trieved imposes important constraints. Most crawl-
ing procedures either (i) rely on selected “repre-
sentative” keywords to filter and retrieve relevant
posts, or (ii) prioritize content already highlighted
by platform-specific popularity metrics (e.g., top-
level comments on Reddit or trending videos on
YouTube). While the first method helps to collect
data that directly reflects known forms of ASB, it
tends to suffer from limited lexical coverage and re-
duced sensitivity to alternative rhetorical strategies.
Moreover, in the context of ASB prediction, even
non-aggressive or neutral behaviors can evolve into
toxic interactions (Al-Merekhi et al., 2020; Solovev
and Pröllochs, 2023), making keyword-based sam-
pling insufficient. Conversely, using more generic
content without pre-filtering can expand lexical di-
versity and contextual coverage, but it introduces
a new layer of complexity. Such content must un-
dergo a meticulous curation process that depends
heavily on each platform’s structure and interaction
dynamics—for instance, retweet cascades on Twit-
ter or multi-turn, threaded exchanges on Reddit.
This complexity introduces additional limitations:
platform-specific interaction patterns can bias the
data, the resulting dataset may present imbalanced
or sparse evidence of the targeted phenomena, and
meaningful cross-platform comparisons become
substantially more challenging. Finally, crawled
data is often ephemeral—posts and accounts can
be deleted or modified—hindering long-term re-
producibility and making it difficult for future re-
searchers to replicate or validate findings (Klubicka
and Fernández, 2018; Florio et al., 2020).

Hybrid and fully automated collection. Hybrid
approaches combine automated collection meth-
ods (such as web crawling, platform APIs, or bulk
dataset ingestion) with manual interventions in the
data collection pipeline (such as language adap-
tation or dataset post-editing). This allows re-
searchers to scale up data acquisition while still
ensuring that the collected material matches the do-
main and task requirements. In Kim et al. (2025),
for example, an existing dataset was automatically
ingested and supplemented with additional Korean
SNS conversations. To increase coverage, corpora
from AI Hub were integrated, with only the general
and sexual conversation subsets retained.

Crowdsourcing and nichesourcing are estab-
lished data collection strategies in related domains
dealing with abusive language (Bonaldi et al., 2024;
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Ollagnier et al., 2024), but, to the best of our knowl-
edge, they have not yet been applied to ASB pre-
diction. Crowdsourcing relies on non-expert an-
notators to generate, rephrase, or simulate ASB
content and practices. This approach enables the
collection of large quantities of data at relatively
low cost. However, the resulting material often re-
flects simpler argument patterns and limited rhetor-
ical diversity (Qian et al., 2019), which restricts
its usefulness for modeling nuanced precursors of
ASB. Nichesourcing, by contrast, relies on expert
contributors—such as specialists, moderators, or
trained practitioners—to create or simulate ASB
content. This strategy yields data of higher quality,
with richer syntactic variety and greater semantic
complexity, particularly valuable for capturing sub-
tle cues or early warning signs of harmful behavior.
Its main drawback is high cost and limited scal-
ability, which make it difficult to assemble large
datasets (Chung et al., 2019).

Crawling remains the most common procedure for
collecting ASB data in the wild. However, crowd-
sourcing and nichesourcing, while not widely ex-
plored for this purpose, offer promising alternatives.
Well-designed crowdsourcing tasks, such as scenario-
based role-playing exercises (Ollagnier, 2024), could
elicit a wide range of interpersonal behaviors that
may escalate into toxicity, thereby enriching the trig-
gers considered in ASB prediction models. Likewise,
nichesourcing—drawing on domain experts—could
capture rare or highly specific interaction patterns that
precede harmful outcomes, providing high-quality ex-
amples to strengthen computational modeling.

4.2 Choosing from existing datasets

Rather than collecting new data, a practical alter-
native is to leverage existing datasets. We review
the publicly available resources identified in our
survey of ASB prediction, summarized in Table 1.

Shape of the interactions. A crucial dimension
to consider is the structure of interactions captured
in a dataset, as this directly determines the types
of ASB tasks it can support. Some datasets focus
on isolated content, such as individual tweets or
toxic news comments, which are treated as inde-
pendent units without any interaction history; these
are commonly used to address tasks such as harm
emergence, behavioral risk, and proactive mod-
eration (Kennedy et al., 2020a; Han et al., 2021;
Irani et al., 2021). Others capture local interaction
patterns, for instance short-lived exchanges like im-
mediate replies or audience responses, which are
often leveraged in behavioral risk or early harm

detection tasks within platforms such as Reddit (Yu
et al., 2024; Song et al., 2025; Hickey et al., 2025).
A third group encompasses conversational flow
datasets that preserve multi-turn, threaded discus-
sions, as seen in Reddit threads (Bao et al., 2021)
or Wikipedia Talk Pages (Altarawneh et al., 2023;
Nonaka and Yoshida, 2025), making them particu-
larly suitable for modeling discourse evolution and
for tasks such as early harm detection or proac-
tive moderation. Finally, some datasets reflect
networked spread, modeling how harmful content
propagates through user networks—for example,
via retweet cascades on Twitter—thereby enabling
studies of diffusion processes and influence dynam-
ics relevant to harm emergence or harm propaga-
tion (Saveski et al., 2021; Dahiya et al., 2021).

Targets of hate. As in related domains dealing
with abusive language, ASB prediction datasets of-
ten focus on phenomena directed toward specific,
and often multiple, targeted minorities. For exam-
ple, Kennedy et al. (2020a) propose a rich annota-
tion scheme with eight broad target identity groups
(race/ethnicity, religion, national origin or citizen-
ship, gender, sexual orientation, age, disability, and
political ideology) and further refines these into 42
specific subgroups. In a complementary direction,
Lambert et al. (2022) classify deleted comments
based on normative violations, including misogy-
nistic content, hate speech targeting racial or sexual
minorities, attacks over opposing political views
(e.g., pro- or anti-Trump), as well as abusive com-
ments directed at moderators or individuals, such
as name-calling or accusations that others are “too
sensitive”. Other datasets capture more niche con-
texts: Meng et al. (2023) focus on anti-Asian hate,
reflecting culture- and ethnicity-related hostility,
while Gajo et al. (2023) examine incel forums, a
setting where hate speech manifests through misog-
ynistic and gendered discourse.

Types of hate addressed. Beyond specifying tar-
gets, many datasets classify hate speech by the
form or type of negative reference expressed to-
ward those groups. Building on taxonomies such
as Chung et al. (2019), these categories capture
whether the utterance manifests as insults, stereo-
typing, dehumanization, threats, or calls to vi-
olence. For instance, Kennedy et al. (2020a)
annotate ten fine-grained dimensions, including
(dis)respect, humiliation, inferior status, violence,
genocide, and attack/defense. In contrast, broader
schemes like Saveski et al. (2021) emphasize
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Dataset Size Source(s) Lang. Target Add. Info

Isolated Content
Kennedy et al. (2020a) 135,556 YouTube, Twitter, Reddit EN ✓ ✓
Han et al. (2021) 5,571 Patch website EN × ✓
Irani et al. (2021) 40,000 Twitter EN/ES × ×
Lambert et al. (2022) 5,059 Reddit EN ✓ ✓
Solovev and Pröllochs (2023) 691,237 Twitter EN × ✓
Liu et al. (2024a) 5,571 Patch website EN × ✓

Conversational Flow
Bao et al. (2021) 2,388 Reddit EN × ×
Meng et al. (2023) 890,372 Twitter EN ✓ ✓
Altarawneh et al. (2023) 11,030 WTP/CMV EN × ✓
Gajo et al. (2023) 5,503 Incels.is / Il forum dei brutti EN/IT ✓ ✓
Alharthi et al. (2025) 2,369 Twitter EN × ✓
Kim et al. (2025) 15,000 Chat platforms KO ✓ ×
Nonaka and Yoshida (2025) 11,030 WTP/CMV EN × ✓

Local Interaction
Yu et al. (2024) 34,115 Reddit EN × ✓
Song et al. (2025) 5,724 Reddit EN × ✓
Hickey et al. (2025) 50,003 Reddit EN × ✓

Networked Spread
Saveski et al. (2021) 1.18M Twitter EN × ✓
Dahiya et al. (2021) 4,533 Twitter EN × ×

Table 1: Overview of publicly available datasets organized by interaction type.

generic toxicity markers such as rudeness or dis-
respect. Domain-specific datasets also highlight
particular forms: Liu et al. (2024a) and Han et al.
(2021) classify hate-related news comments into
subtypes such as homicide or kidnapping, while Al-
harthi et al. (2025) provide aggregate indicators
including counts of insults, profanity, threats, and
identity attacks. Other resources focus on structural
consequences of hate, for example examining how
misogyny reinforces systemic oppression (Gajo
et al., 2023; Hickey et al., 2025).

Languages. Most reported datasets are based
on English-language corpora, with only a few ex-
tending to other languages, such as Korean (Kim
et al., 2025). Others take a bilingual perspec-
tive—e.g., English–Spanish (Irani et al., 2021) and
English–Italian (Gajo et al., 2023)—enabling cross-
lingual and comparative analyses.

Additional information. Several datasets incor-
porate rich auxiliary signals that characterize con-
versations and users in greater detail. For example,
Nonaka and Yoshida (2025) provide pairs of hate
speech and counterspeech, further annotated ac-
cording to the hater’s subsequent behavior (no reen-
try, hateful reentry, or non-hateful reentry). Other
resources, such as Solovev and Pröllochs (2023),
enrich each instance with a broad set of metadata,
including text complexity, temporal information,

engagement indicators, and lexical features (e.g.,
moral and emotional content). Likewise, Yu et al.
(2024) supply conversation-level attributes such as
hate scores, subreddit tags, and reply-level labels.
Some datasets also document annotator characteris-
tics and target groups: for instance, Kennedy et al.
(2020a) report annotator demographics and specify
40 fine-grained target subgroups.

Dataset selection is primarily guided by the target
task, as different tasks require specific features (e.g.,
conversational flow for harm propagation). However,
selection should also consider methodological fac-
tors such as construct validity, biases, and evidential
support. To aid in this process, Liu et al. (2024b)
offer guiding questions that clarify what capabilities
a dataset measures. Practical aspects like dataset size
and coverage also matter: few-shot prompting may
suffice for small datasets, while fine-tuning typically
demands larger corpora. Rich metadata—such as
multiple annotator perspectives—can be especially
valuable for subjective tasks, as explored in Frenda
et al. (2025). Finally, transparent annotation pro-
cedures are critical, as they directly influence relia-
bility and validity (see Appendix D). Beyond task-
specific corpora, datasets from related domains (e.g.,
toxic language detection, cyberbullying, misinforma-
tion) should be systematically scrutinized, as their
reuse can expand coverage and enhance comparabil-
ity across ASB prediction research.

5 Step 3: Evaluate

In this step, we review how the literature evalu-
ates ASB prediction models, focusing on the task
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types outlined in 2.2. Since these tasks are most
often formulated as either classification or regres-
sion problems, the choice of evaluation strategies
naturally varies with the formulation.

5.1 Evaluating classification

Most ASB prediction studies formulate tasks such
as early harm detection, harm emergence pre-
diction, or proactive moderation as classification
problems (Saveski et al., 2021; Lambert et al.,
2022; Hickey et al., 2025). When ground-truth
labels are available, models are commonly as-
sessed using accuracy, precision, recall, and F1-
score, often complemented by ROC curves and
the area under the ROC curve to capture perfor-
mance across decision thresholds. Several works
report macro-averaged metrics (e.g., macro F1
or macro precision) to handle the class imbal-
ance typical of ASB datasets, while others employ
latency-aware measures, such as latency-weighted
F1 (López-Vizcaíno et al., 2021) or time-aware
precision (López-Vizcaíno et al., 2023a), to better
capture the timing sensitivity required in early de-
tection tasks. In ranking-based evaluation settings,
measures such as MAP@20 or HITS@20 are used
to assess whether models correctly prioritize high-
risk content or users (Makkar and Chakraborty,
2020; Masud et al., 2021). Complementary cumula-
tive distribution functions have also been applied to
visualize performance across thresholds (Solovev
and Pröllochs, 2023). Finally, some studies bench-
mark models against human judgment to verify per-
formance; for example, Kim et al. (2025) introduce
the Human-to-Model Ratio, which evaluates how
closely a model’s detection speed aligns with that
of human annotators in early detection scenarios.
Complementing these quantitative measures, qual-
itative error analysis is often employed to reveal
systematic weaknesses or biases in model predic-
tions (Yu et al., 2024; Song et al., 2025).

5.2 Evaluating Regression

When ASB prediction tasks are framed to pro-
duce continuous outputs evaluation typically relies
on metrics that capture both correlation and error.
Correlation-based measures, such as the Pearson
or Spearman correlation coefficients (Dahiya et al.,
2021; Meng et al., 2023), assess how well the pre-
dicted scores align with the ground truth trends,
providing insight into the model’s ability to rank
or follow underlying dynamics. Complementarily,
error-based measures such as Root Mean Square

Error, Mean Absolute Percentage Error, Symmetric
Mean Absolute Percentage Error, or L2 loss quan-
tify the magnitude of prediction errors (Wu et al.,
2022; Hebert et al., 2023), thus revealing how close
the predictions are in absolute terms. Some stud-
ies additionally report coefficients of determination
(R-squared) to capture the proportion of variance
explained by the model (Han et al., 2021; Liu et al.,
2024a), or information-theoretic criteria such as
log-likelihood scores and the Bayesian Information
Criterion to balance goodness of fit with model
complexity (Levy et al., 2022).

ASB prediction research remains constrained by an
overreliance on standard classification and regression
metrics and by the lack of context-sensitive evalua-
tion protocols. While such metrics are useful, they
are insufficient in high-stakes settings where error
type, fairness, and user trust matter. Building on prin-
ciples for systematic benchmark design (Liu et al.,
2024b), best practices for evaluating ASB prediction
should include cost-sensitive and asymmetric error
measures, calibration and subgroup analyses, and
human-centered criteria such as perceived harm and
legitimacy (Olteanu et al., 2017). Metrics drawn from
adjacent domains—such as diffusion or reach-based
measures—can further capture the temporal and so-
cial impact of predicted harms (Zhou et al., 2022).

6 Open Challenges in ASB Prediction

Standardized Benchmarking. ASB prediction
lacks standardized benchmarks and evaluation pro-
tocols, both globally and within predictive settings.
Current tasks are underspecified, rely on heteroge-
neous datasets, and neglect cultural and pragmatic
variation, which undermines reproducibility and
cross-platform generalization. To address this, the
field must move beyond ad hoc evaluations toward
linguistically and culturally grounded frameworks
that account for the temporal, structural, and ethical
dimensions of ASB. Promising directions include
meta-collection of existing resources (Piot et al.,
2024) and the adaptation of Evidence-Centered
Benchmark Design (Liu et al., 2024b), enabling
systematic evidence collection about model capa-
bilities. Incorporating insights from linguistics
(e.g., speech act theory, relevance theory, dynamic
and epistemic logic) and cultural psychology (e.g.,
the GLOBE framework (Karinshak et al., 2024))
would enhance both the modeling and the evalua-
tion of a model’s ability to capture communicative
intentions, conversational dynamics, and cultural
variation. Developing such benchmarks is critical
for protocols that are rigorous, comparable, and
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sensitive to the diversity of online harms. Lessons
from related shared tasks—such as eRisk Lab4 and
PAN Author Profiling5—show how community-
driven evaluations can foster standardization, com-
parability, and faster progress toward deployable
solutions in ASB prediction.

Multimodal and Pragmatic Representation
Learning. Although our review considered ML
studies broadly, ASB prediction remains dominated
by text-centric features such as lexical cues or
sentiment markers, often overlooking the multi-
modal and pragmatic dimensions of online inter-
actions. As noted in Section 4, even neutral or
non-aggressive behaviors can escalate into toxic-
ity, underscoring the need to model evolving inter-
action dynamics (Ollagnier, 2024). Harmful be-
havior also frequently manifests through images,
videos, memes, or subtle pragmatic cues such as
politeness strategies, idioms, and conversational
flow (Fried et al., 2023). Addressing these phe-
nomena requires advances beyond current text-
only pipelines, including the encoding of pragmatic
knowledge, the integration of heterogeneous infor-
mation networks linking users, posts, and contexts,
and the development of graph-based architectures
capable of combining multimodal and discourse-
level signals (Wang et al., 2024). In parallel, re-
cent progress in LLMs offers an additional research
avenue, as such models provide richer contextual
representations that may support predictive mod-
eling when appropriately grounded (Albladi et al.,
2025). Progress across these complementary di-
rections is essential for developing ASB prediction
models that are not only accurate but also sensitive
to the complex and gradual ways in which harmful
behavior develops and escalates.

Interpretability and Human Oversight. Mod-
ern ASB prediction models—such as transformers,
GNNs, or multimodal systems—achieve strong per-
formance but remain opaque (Mathew et al., 2021).
In predictive settings, where errors directly im-
pact user rights and content visibility, such opacity
poses serious challenges to accountability. Reg-
ulations like the GDPR stress a “right to expla-
nation” (Council, 2016), making transparency es-
sential to avoid unfair sanctions or missed harms.
Existing explainability methods provide limited
value: they often reduce to feature importance, ig-

4https://erisk.irlab.org/
5https://pan.webis.de/clef21/pan21-web/author-

profiling.html

nore cultural and linguistic nuance, and lack con-
sistent evaluation (Nguyen et al., 2021). A key
challenge is to design explanation frameworks that
incorporate pragmatic reasoning, cultural ground-
ing, and user feedback. Human-in-the-loop over-
sight can improve transparency and reduce bias.
Progress requires interactive workflows, metrics
for human–AI alignment, and governance models
that ensure fairness and trust in high-stakes moder-
ation (Kotarcic et al., 2022).

Global Challenges in ASB Prediction. Across
the literature, several recurring challenges echo
broader concerns in tackling ASB. First, language
and cultural diversity remains limited, with most
datasets English-centric and poorly generalizing
across regions and communities (Alkomah and Ma,
2022). Second, the granularity of labeling is often
too coarse, obscuring subtle forms of abuse such as
implicit hate or trolling; richer annotation schemes
(e.g., multi-label taxonomies, continuous ratings,
or annotator demographics) would enable more
precise modeling (Vidgen et al., 2019; Kennedy
et al., 2020a; Kirk et al., 2022). Third, data scope
and representativeness are constrained by small,
biased datasets that underrepresent marginalized
voices and multimodal contexts, as supported in
Table 1. Finally, the problem of evolving behav-
ior and concept drift means that models trained
on static corpora struggle against rapidly changing
discourse, slang, and evasion tactics (Florio et al.,
2020). Together, these challenges highlight the
need for multilingual, fine-grained, cross-platform,
representative, and adaptive approaches if ASB pre-
diction is to be both robust and socially responsible.

7 Conclusion

We presented an in-depth review of the emerging
field of ASB prediction, introducing a taxonomy
that structures existing ML research into five core
task types, together with guidance on task design,
dataset curation, and evaluation. We further iden-
tified key open challenges, including the creation
of standardized benchmarks, advances in multi-
modal and pragmatic representation learning, and
the development of explainable, human-centered
systems. Our aim is to provide both a consolidated
overview of current progress and a foundation for
future work, offering a structured entry point for
researchers, developers, and practitioners seeking
to advance the predictive understanding and miti-
gation of harmful online behavior.
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8 Limitations

To an external observer, the number of papers
reviewed in this study may seem limited. How-
ever, this reflects both the emerging status of ASB
prediction as a distinct research subfield and our
focused inclusion criteria. We considered only
machine-learning–oriented studies that define a
clear prediction task—such as classification or re-
gression—supported by a dataset, modeling frame-
work, or empirical evaluation. This focus ensures
that the review highlights work advancing predic-
tive methodologies for ASB. Our search covered
peer-reviewed conferences, journals, and preprints
indexed in major databases (Google Scholar, DBLP,
Scopus, IEEE Xplore, SpringerLink, and Sci-
enceDirect), following established practices in abu-
sive language research (e.g., (Tontodimamma et al.,
2021; Jahan and Oussalah, 2023)).

A further limitation arises from restricted access
to closed-access venues, leading to possible un-
derrepresentation of research outside open-access
repositories or preprint archives. Despite extensive
keyword-driven searches, some relevant studies us-
ing alternative terms (e.g., “harmful content fore-
casting”, “online risk modeling”) may have been
missed. To reduce omissions, the author supple-
mented automated searches with a curated archive
of domain-relevant publications. As the field grows,
future surveys would benefit from broader interdis-
ciplinary coverage and more inclusive search strate-
gies to fully capture the diversity of predictive work
on ASB online.

9 Ethical Considerations

Research on ASB prediction inevitably involves
the collection, annotation, and modeling of harm-
ful or offensive content, which poses ethical risks
for both researchers and affected users. Annotation
tasks, in particular, can expose annotators and de-
velopment teams to distressing material, potentially
impacting mental health. In line with prior recom-
mendations (Vidgen et al., 2019; Kirk et al., 2022),
projects involving ASB data should incorporate
protective measures, including rotating exposure
schedules, mental health support resources, and the
use of clear content warnings.

Privacy and data ethics are equally critical in
this domain, especially when models are trained on
user-generated content from social media platforms.
Even with anonymization, re-identification risks re-
main—particularly for marginalized or vulnerable

communities whose linguistic patterns or behav-
ioral markers may be unique, underrepresented, or
stigmatized. These concerns are amplified in pre-
dictive tasks such as user risk profiling, where mod-
els infer the likelihood of individuals engaging in or
becoming targets of ASB based on prior behavior,
linguistic cues, and engagement patterns. While
such approaches may support early intervention
or moderation, they also introduce significant eth-
ical risks, including surveillance-like monitoring,
reputational bias, and opaque classification pro-
cesses. In proactive moderation and early-warning
systems, false positives or disproportionate target-
ing may further marginalize at-risk populations,
undermining the very goals of safety and fairness.
To mitigate these risks, ASB prediction systems
must adhere to core principles of fairness, trans-
parency, and accountability, as emphasized in reg-
ulatory frameworks such as the GDPR (Council,
2016), and should align with ongoing efforts in ex-
plainable AI (Mehta and Passi, 2022) to ensure that
model decisions are interpretable and contestable.

Finally, as generative and predictive models be-
come increasingly integrated into real-time mod-
eration workflows, issues of responsibility and ac-
countability become paramount. These systems
should not operate autonomously in high-stakes set-
tings. Instead, human-in-the-loop oversight, trans-
parent decision-making processes, and strong gov-
ernance mechanisms are essential to prevent over-
reach, hallucinated inferences, or unintended harm
amplification. Aligning technical performance with
ethical and social responsibility must remain a cen-
tral goal in the development and deployment of
ASB prediction systems.
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A Methodology of the Review

Figure 1: Number of publications on ASB prediction
per year: observed and expected distribution.

Figure 1 illustrates the steady growth of research
on ASB prediction, reflecting the increasing inter-
est in proactive and forward-looking approaches to
online harm. To ensure methodological rigor, trans-
parency, and reproducibility, we conducted this sur-
vey following established guidelines for systematic
literature reviews in computer science and engi-
neering (Kitchenham, 2004), in conjunction with
the PRISMA framework (Moher et al., 2009). The
study selection process is summarized in Fig. 2.

The objective of this review is to provide a struc-
tured synthesis of progress to date in ASB predic-
tion tasks within the ML literature, clearly distin-
guishing prediction-oriented approaches from the
more mature body of work on detection and classi-
fication. We operationalize prediction as tasks that
forecast future outcomes or risks using supervised
ML techniques, rather than merely identifying ex-
isting harmful content. Accordingly, we include
only peer-reviewed, openly accessible studies that
adhere to this definition, while systematically ex-
cluding work limited to detection, identification,
profiling, or post-hoc analysis without a forward-
looking objective.

Following prior surveys of harmful language
and online abuse (Poletto et al., 2021; Jahan and
Oussalah, 2023), we retrieved candidate papers
from major scholarly databases, including Google
Scholar, DBLP, Scopus, IEEE Xplore, Springer-
Link, and ScienceDirect. To streamline and cen-
tralize retrieval, we used the SciLEx aggregator6.
Search queries combined prediction-oriented key-
words (e.g., prediction, forecasting, early detec-
tion, propagation, temporal modeling, real-time
prediction) with ASB-related terms (e.g., antisocial
behaviour, cyberaggression, hate speech, cyberbul-
lying, online abuse, toxicity, online grooming, hate
crime). Searches were applied to titles and ab-
stracts, restricted to English-language publications
between 2010 and 2025, with the final search con-
ducted on June 17, 2025.

The screening process proceeded in multiple
stages. First, titles and abstracts were reviewed
to remove irrelevant or tangential works. Second,
full-text screening was conducted to verify that
remaining studies met all inclusion criteria, par-
ticularly with respect to their predictive framing
and ML-based methodology. Duplicate records
retrieved across databases were removed. Each
included paper was then annotated using a classifi-

6https://github.com/Wimmics/SciLEx/
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SpringerLink 
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Excluded: Not related to CSE or ASB
(e.g., documents from the social

sciences domain)
(n=153 records)

Full-text articles assessed for eligibility
(n=81 records)

Studies included in SLR
(n=49 records)

Full-text articles excluded (n = 32):

a) Not specific to the definitional criteria of ASB

b) Incomplete information necessary for this study

c) Not addressing a task relevant to the taxonomy used in the
study

d) Language other than English

Excluded duplicate records
(n=446 records)

Figure 2: PRISMA flowchart for selection of antisocial behaviour prediction studies.

cation scheme capturing its disciplinary grounding
(e.g., NLP, computational social science), primary
research contribution (e.g., predictive modeling,
resource creation, intervention design), method-
ological approach (e.g., neural, traditional ML, or
hybrid), and the specific ASB prediction task ad-
dressed, following the taxonomy in Section 2.2.

This systematic and multi-stage process resulted
in a final corpus of 49 papers, which form the em-
pirical basis for our synthesis of the state of the art
and the identification of open challenges and future
directions in ASB prediction research.

B Task Category Distribution in ASB
Prediction

The distribution of task categories in current ASB
prediction research, illustrated in Figure 3, reveals
a clear concentration around early harm detec-
tion and harm emergence prediction, which to-
gether represent the majority of studied scenar-
ios. Early detection tasks are designed to antic-
ipate escalation risks in conversations, flag toxic
replies at their onset, or detect early signs of con-

flict based on minimal interaction cues (e.g., (Al-
Merekhi et al., 2020; Mubarak et al., 2023; Kim
et al., 2025)). Harm emergence tasks focus on
forecasting whether harmful behavior will surface
in the course of an interaction, such as predict-
ing conversational derailment or the likelihood of
toxic replies (e.g., (Nonaka and Yoshida, 2025; Al-
tarawneh et al., 2023)). Harm Propagation Pre-
diction forms a substantial secondary cluster, en-
compassing tasks like modeling the spread and
virality of hate speech, estimating future hate in-
tensity, or forecasting how toxic content diffuses
across social networks (Makkar and Chakraborty,
2020; Meng et al., 2023; Alharthi et al., 2025). In
parallel, behavioral risk prediction—though less
frequent—covers user-centric forecasting, such as
predicting recidivism, moderation outcomes, or
the likelihood of becoming a hate speech ampli-
fier (Potha and Maragoudakis, 2014; An et al.,
2021; Khan et al., 2024). Lastly, proactive modera-
tion support includes predictive tasks aimed at as-
sisting moderation efforts in advance, such as esti-
mating abuse likelihood at posting time, predicting
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conversation resilience, or evaluating harassment
severity through multimodal features (Talukder and
Carbunar, 2018; Bao et al., 2021; Lambert et al.,
2022). Overall, this landscape reflects a multi-
dimensional field, with strong emphasis on early
content-level interventions and growing attention
toward user trajectories and longitudinal harm fore-
casting.

C Ex-ante Prediction versus Peeking
Strategy

As summarized in Table 2, ex-ante strategies are
more prevalent in the literature, particularly for
classification tasks (Klubicka and Fernández, 2018;
Masud et al., 2021), due to their appeal in proactive
moderation. However, peeking and progressive
strategies are gaining traction, especially in multi-
turn conversation or cascade-based tasks where the
temporal evolution of content is central.

D Annotators Training Procedure

Engaging with hate speech and counterspeech is
known to have significant social and psychologi-
cal consequences for those involved. This has led
to the development of specific guidelines and best
practices to ensure that such work is conducted
responsibly (Chung et al., 2020; Ollagnier, 2024;
Bonaldi et al., 2024). In the same way, research
on ASB should adopt precautions similar to those
recommended in other domains dealing with abu-
sive language. Recognizing, labeling, and inter-
preting ASB in online content—whether for esca-
lation forecasting, propagation modeling, or proac-
tive moderation—requires not only clear technical
guidelines but also domain-specific sensitivity and
practical experience. Annotators are frequently ex-
posed to distressing material and are tasked with
making fine-grained judgments about nuanced pat-
terns of harm. When they lack prior expertise in
ASB labeling, targeted training becomes essential
to help them develop the necessary skills and en-
sure consistent, high-quality annotations, as high-
lighted in prior work on abusive language annota-
tion and harm labeling (Vidgen et al., 2019).

The most commonly reported procedure for
training annotators includes the following steps:

a) Reviewing guidelines and documentation:
annotators first study platform or research-
specific annotation guidelines and public doc-
umentation on harmful behaviors (e.g., defini-
tions of harassment, trolling, or hate speech).

b) Learning from examples: they are then ex-
posed to curated examples of ASB labeling
(including edge cases such as implicit hate
or sarcasm) and, where relevant, examples
of expert annotations for specific tasks (e.g.,
labeling early harm signals).

c) Practice sessions: annotators perform trial la-
beling on a subsample of posts or conversation
threads, receiving iterative feedback.

d) Discussion and calibration: disagreements
and difficult cases are discussed in regular
meetings with an expert or lead annotator to
achieve shared understanding and improve
consistency.

Table 3 summarises the training steps reported in
studies that explicitly describe how their annotators
were trained, among those studies whose datasets
are publicly available and documented. Impor-
tantly, because annotators are frequently exposed
to harmful or distressing material, their well-being
must be prioritized. Precautions include explaining
the prosocial purpose of the work, limiting annota-
tion sessions to a few hours per day, encouraging
regular breaks, and providing structured opportuni-
ties to raise concerns or seek support (Vidgen et al.,
2019; Kirk et al., 2022). These measures help en-
sure reliable annotations while safeguarding the
mental health of those involved.
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Early Harm Detection

27.7%

Harm Emergence Prediction

23.4%

Harm Propagation Prediction

19.1%

Behavioral Risk Prediction

17.0%

Proactive Moderation Support

12.8%

Figure 3: Distribution of ASB prediction task categories across reviewed papers.

Strategy Formulation Reference

Ex-ante Classification (Hosseinmardi et al., 2015, 2016; Klubicka and Fernández, 2018;
Talukder and Carbunar, 2018; Mouheb et al., 2019; Makkar and
Chakraborty, 2020; Masud et al., 2021; Bao et al., 2021; An et al.,
2021; Irani et al., 2021; Mubarak et al., 2023; López-Vizcaíno
et al., 2023b; Yuan and Singh, 2023; Spann and Agarwal, 2023;
Altarawneh et al., 2023; Etta et al., 2024; Khan et al., 2024;
Falade et al., 2024; Tessa et al., 2024; Kim et al., 2025; Imran
et al., 2025; Nonaka and Yoshida, 2025; Zhang et al., 2025; Song
et al., 2025; Hickey et al., 2025)

Regression (Kennedy et al., 2020b; Han et al., 2021; Wu et al., 2022; Levy
et al., 2022; Hebert et al., 2023; Meng et al., 2023; Gajo et al.,
2023; Yu et al., 2024; Liu et al., 2024a; Alharthi et al., 2025)

Peeking Classification (Potha and Maragoudakis, 2014; Cheng et al., 2015; Saveski
et al., 2021; López-Vizcaíno et al., 2023a; Lin et al., 2021; Lam-
bert et al., 2022; Solovev and Pröllochs, 2023)

Regression (Chelmis and Yao, 2019; Dahiya et al., 2021)

Table 2: Strategies and formulations of feature-based models.

Study a b c d
Kennedy et al. (2020a) – – ✓ –
Saveski et al. (2021) ✓ – – –
Bao et al. (2021) ✓ ✓ ✓ ✓
Dahiya et al. (2021) ✓ – – –
Gajo et al. (2023) ✓ ✓ ✓ ✓
Alharthi et al. (2025) ✓ ✓ ✓ ✓
Kim et al. (2025) ✓ ✓ – –
Nonaka and Yoshida (2025) ✓ – – –
Song et al. (2025) ✓ ✓ – –
Hickey et al. (2025) ✓ ✓ – –

Table 3: Steps for annotators’ training in studies that
explicitly describe them, as detailed in D.
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Abstract

Speech emotion recognition (SER) is a com-
pelling yet challenging research area with sub-
stantial practical relevance, particularly in en-
hancing human–machine interaction. Despite
considerable progress in the field, the scarcity
of realistic datasets that reflect real-world condi-
tions makes it difficult to analyze system behav-
ior in practice and can lead to degraded perfor-
mance in industrial applications. In this study,
we propose a system that detects negative emo-
tions at each turn in a conversation by leverag-
ing both linguistic and acoustic features. The
approach is evaluated on real-world data, with
a particular focus on identifying and respond-
ing to negative emotion in customer support
scenarios. Designed for real-time application,
the system is suitable for live deployment in
call center environments. Furthermore, we pro-
pose an effective prompting strategy for using
large language models (LLMs) as annotators,
generating labeled data used to fine-tune small
language models that achieve performance on
par with the LLM used for annotation, while
remaining suitable for real-time deployment.

1 Introduction

Automatic emotion recognition using modalities
such as text, speech, image, and video has been
an active research area for several decades, with
significant advancements achieved through the ap-
plication of increasingly sophisticated models. Rec-
ognizing emotions from speech is particularly valu-
able in diverse human–machine interactions, in-
cluding conversational agents, virtual assistants,
and interactive systems. Although numerous stud-
ies report promising evaluation outcomes on public
benchmark datasets (Caralt et al., 2025; Shou et al.,
2024; Xue et al., 2024; Fu, 2024; Lei et al., 2023;
Stricker and Paroubek, 2024; Ma et al., 2023; Lin
et al., 2023), the field continues to face a shortage

*This work was done as part of Interactions LLC

of realistic data and practical methods suitable for
real-world deployment.

This study investigates speech emotion recogni-
tion (SER) in spoken dialogue systems, with a par-
ticular focus on enterprise customer support. In this
domain, users interact with automated or virtual
agents to resolve service or product-related issues.
Accurate detection of emotions in such interactions
can enhance the user experience, support timely
intervention, and improve the overall effectiveness
of automated support systems. The principal aim
is to identify and appropriately respond to nega-
tive emotional states like anger or frustration by
employing mitigation strategies, such as escalating
the call to a human agent or incorporating more
empathetic system responses.

A critical aspect of this work is the requirement
for real-time processing, which significantly in-
creases the complexity of the task. In this set-
ting, "real-time" refers to the ability to detect emo-
tions with low CPU latency as the conversation
progresses, rather than after it concludes. This im-
poses strict constraints on system responsiveness,
as predictions must be made quickly enough to
support timely interventions during the interaction.
Consequently, the deployment of highly complex
models becomes impractical, as they often intro-
duce delays that are incompatible with the demands
of live dialogue systems. The rapid advancement
and application of large language models (LLMs)
have significantly influenced a wide range of re-
search domains, including SER. While LLMs offer
substantial benefits for classification tasks particu-
larly in low-resource scenarios where limited or no
labeled data is available their use is associated with
considerable computational cost and latency. These
limitations pose significant challenges for practical,
large-scale SER model deployment. Therefore, in
this work, we leverage the capabilities of LLMs
in an offline setting to generate and curate training
data for SER, thereby avoiding the latency and cost
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constraints associated with real-time inference.
A core challenge in speech emotion recogni-

tion is the scarcity of comprehensive, high-quality
datasets. Most publicly available corpora are lim-
ited in size and primarily consist of acted speech
recorded in controlled settings, which lack the nat-
ural variability and spontaneity characteristic of
real-world emotional expression. Furthermore, im-
balanced emotion classes and insufficient demo-
graphic diversity impede the robustness and gen-
eralizability of trained models (Garg et al., 2024;
Upadhyay et al., 2025; Lin et al., 2024). Although
real-world, in-domain data is often available in
industry, for example, through customer service in-
teractions or voice-enabled platforms, such data are
typically unlabeled and proprietary, and annotation
at scale is both costly and time-consuming. To ad-
dress this limitation, we leverage LLMs to generate
labeled training data by guiding them with an an-
notation protocol originally developed for human
labeling of evaluation data.

To identify negative emotions such as caller frus-
tration, we integrate both linguistic and acoustic
cues, as each provides complementary information.
Linguistic indicators include semantic signals such
as negative sentiment or intent, as well as explicit
expressions such as angry language, complaints
about the system, repeated requests, and swearing.
Acoustic features capture prosodic and paralinguis-
tic signals, including elevated pitch, increased vol-
ume, vocal strain, abrupt changes in loudness, and
variations in speaking rate. By combining these
modalities, the system is better equipped to detect
subtle and context-dependent expressions of neg-
ative affect. The contributions of this paper are
summarized as follows:

1. We develop a low CPU latency, efficient,
production-ready solution for real-time de-
tection of negative customer emotions, inte-
grating both linguistic and acoustic cues in
speech.

2. We leverage prompt tuning to utilize large
language models (LLMs) as offline annotators
for generating labeled training data, which
is then used to fine-tune lightweight LLMs
suitable for low-latency deployment.

3. We conduct a comparative evaluation of multi-
ple modeling approaches on publicly available
datasets and real-world industry data to assess
performance under different conditions.

2 Related Work

Recent advances in large language models (LLMs)
have shifted emotion recognition from traditional
discriminative models to generative paradigms
across modalities (Ma et al., 2025; Zhang et al.,
2024; Broekens et al., 2023). Techniques such as
chain-of-thought reasoning, contextual modeling,
in-context learning, and fine-tuning have further
improved automatic emotion recognition perfor-
mance (Bhaumik and Strzalkowski, 2024; Zhang
et al., 2023; Peng et al., 2024). While some studies
explore multi-modal fusion of acoustic and textual
features (Dutta and Ganapathy, 2025; Wu et al.,
2025), most work remains text-centric. A growing
body of research applies LLMs to speech emotion
recognition (SER) (Xu et al., 2024; Gong et al.,
2023; Chen et al., 2025), often relying on speaker
identity, context, or auxiliary tasks like speaker pre-
diction (Lei et al., 2023; Xue et al., 2024), which
limits their suitability for real-time applications
with unknown participants and limited context.

In task-oriented dialogues, emotion recognition
typically prioritizes detecting negative states—such
as frustration, anger, or dissatisfaction—rather than
covering a broad emotional spectrum. Prior work
has used LLMs with in-context learning to iden-
tify frustration from transcripts (Caralt et al., 2025),
or relied on conversational patterns and agent be-
haviors to infer dissatisfaction. In this work, we
focus on real-time SER for task-oriented conversa-
tional systems in commercial settings. Our goal is
to detect negative emotional states using only the
audio of the current customer utterance at inference
time. To ensure practical deployment, we avoid re-
liance on dialogue history, speaker identity, or other
contextual metadata that may be unavailable or in-
troduce system complexity. The following sections
detail our proposed method, dataset construction
process, results, and discussion.

3 Methodology

We propose a low-cost, low-latency SER approach
that is developed using spontaneous, in-domain
data from real customer care calls. Large language
models are employed as annotators to label pro-
duction data, which is then used to fine-tune small
language models (SLMs) for efficient inference.
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Approach Name Prompting Strategy Context Input Input format

Simple Simple prompt
None Agent prompt + Current utterance Audio

ZCOT_Simple

Zero-shot COTZCOT_Context Last 3 agent-customer interactions
Context + Agent prompt

+

Current utterance

Text

+

Audio

ZCOT_Detailed_Context
Last 3 agent-customer interactions,

DSIDs and utterance sequence no.
PAS_Detailed_Context Plan and Solve

RP_Detailed_Context Roleplay

Table 1: Summary of prompting approaches for using Gemini 2.0 Flash for annotation

3.1 Leveraging Large Language Models for
Offline Data Annotation

Large language models (LLMs) have shown strong
performance in various natural language and
speech tasks, including SER. A key challenge in
SER is the limited availability of high-quality, in-
domain labeled data for training robust models.
Traditional annotation methods, which rely on man-
ual labeling, are time-consuming and costly, par-
ticularly for large datasets needed to capture the
variability in natural speech.

To address this challenge, we adopt an offline
approach in which a large language model, more
precisely Gemini 2.0 Flash, is employed to auto-
matically annotate training data for emotion recog-
nition. The resulting annotated dataset is then used
to fine-tune SLMs designed for efficient real-time
prediction. This strategy enables us to benefit from
the language understanding capabilities of LLMs
while avoiding their high inference latency and
computational requirements during deployment.

Initially, we compare the performance of dif-
ferent zero-shot prompting approaches to improve
the performance of the model as annotator. These
strategies are optimized over the ProdEval test
set discussed in Section 4.1. Table 1 shows the
different prompting approaches that we used for
our experiments. These approaches rely on us-
ing the current customer utterance audio to pre-
dict the emotion label. In the Simple approach,
we prompt the model with an annotation guide
that was originally developed for human annota-
tors to ensure consistency and alignment between
machine-generated and human-generated labels.
However, the previous context of the utterance is
not provided. In ZCOT_Simple, we use the ze-
roshot chain-of-thought (COT) approach (Kojima
et al., 2022) where the model first generates a rea-
soning before arriving at the result, thus improv-
ing the prediction performance of the model. In
ZCOT_Context, along with the current customer ut-

User: You are now an AI agent tasked with analyzing
audio from callers to detect their emotional state. Your
analysis should categorize the caller’s emotion as either
Non-negative or Negative.

Negative Emotion is expressed through anger, irri-
tation, dissatisfaction, etc. The cues that show negative
emotion could be linguistic, acoustic, or both.
Linguistic cues include negative/angry words, swearing,
complaining about the system or its suggestions, repeating
the same request multiple times, etc.
Acoustic cues include changes in the tone of the speaker
or other voice changes including: a higher pitch, louder
volume, more tension or strain which can sound tight or
harsh, or sudden changes in loudness or speed.

Non-negative Emotion if the caller does not seem
to have a negative emotion in that utterance.

Since we are doing a binary labeling here, positive
emotions will also be marked as non-negative. Note that
sometimes negative emotion can be more subtle and
does not always involve negative language. It is crucial
to actively monitor for indications of negative emotion
throughout the call, including at the beginning of the
interaction. Please provide a concise determination.

Assistant: Understood. I will analyze the audio,
focusing on both linguistic and acoustic cues to determine
the caller’s emotional state. I will categorize the emotion
as either "Neutral" or "Negative," with "Negative"
encompassing anger, irritation, dissatisfaction, and other
negative expressions. I will pay close attention to:

**Linguistic Cues:** Negative/angry words, swearing,
complaints about the system or suggestions, repeated
requests.
**Acoustic Cues:** Changes in tone, higher pitch,
louder volume, tension/strain in voice, sudden changes in
loudness or speed.

I will classify any utterance without clear negative
indicators, including those with positive emotions,
as "Non-negative." I will be particularly vigilant for
subtle signs of negative emotion throughout the entire
interaction. My output will be a concise determination of
"Non-negative" or "Negative."

Figure 1: Prompt used for RP_Detailed_Context
prompting approach

terance, we provide a context window that contains
previous agent-customer interactions in text for-
mat and this contexgt is not available at inference
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time, while the rest of the prompt remains the same
as ZCOT_Simple. In ZCOT_Detailed_Context,
the context window consists of utterance sequence
numbers, and dialog state ids (DSIDs) along with
the previous agent-user interactions.

In PAS_Detailed_Context, we use the Plan and
Solve prompting strategy (Wang et al., 2023),
which improves the zeroshot COT reasoning, by
specifically prompting the model to first understand
the problem, then plan a strategy to solve the prob-
lem and finally follow the strategy to solve the prob-
lem. The prompts of these approaches are shown
in the Appendix A. In RP_Detailed_Context, we
use the roleplay prompting strategy (Kong et al.,
2024), wherein the model is prompted to act as
an intent analyst following which the model will
play the role of an intent analyst to recognize the
emotion from the utterance. In both the prior and
latter approaches, the context window is same as
ZCOT_Detailed_Context approach. The prompt
for RP_Detailed_Context is shown in Figure 1.

We empirically determined that annotation per-
formance is optimal when the context window
consists of a maximum of three previous agent-
customer interactions in text format along with the
current customer utterance audio. The results of
the annotation performance of Gemini 2.0 Flash us-
ing Simple approach for different context window
sizes are shared in Appendix B.

3.2 Fine-tuning SLMs
Running a foundational model for real-time SER is
not feasible, as it will involve high cost and latency.
Instead, we need to focus on small language models
(SLMs) that are finetuned only for SER. To this
end, we use the train dataset annotated using the
foundational model to finetune a smaller audio-
based language model, more specifically, Qwen
2 Audio 7B Instruct (Chu et al., 2024). We use
LoRA (Hu et al.) to finetune the model. Since,
our existing legacy system is built to process only
the current user’s utterance in real time, so we use
only the audio of the customer utterance as input
to the model and do not add any other context to
the input.

3.3 Reduction of Inference Time CPU
Latency

SLMs having 7B paramters have low inference
time latency on GPU. However, on CPU the infer-
ence time latency increases considerably. Although
model compression methods such as bitsandbytes

(Dettmers et al., 2021) are available, they are opti-
mized to reduce the inference time latency in GPUs.
Since our solution focuses on reducing CPU infer-
ence time latency, we need to use SLMs that are
close to 1B-2B parameters. Thus, we use the knowl-
edge distillation method using the fine-tuned Qwen
2 Audio 7B Instruct as the teacher model and Aero
1 Audio 1, which is an audio-based SLM with 1.5B
parameters as the student model. Since the vocabu-
lary size of both the teacher and student models is
different, we use universal logit distillation (ULD)
(Boizard et al.) which calculates the Wasserstein
distance to minimize the distance between the soft
probabilities of the teacher and student models.

4 Datasets

Our goal in this study is to present evaluation re-
sults that accurately reflect the production envi-
ronment and real-world data. To this end, we re-
port SER accuracies, ROC-AUC, class-wise preci-
sion and recall on two internal datasets collected
through distinct methodologies and provide an anal-
ysis of the observed differences. Additionally, we
provide results on two widely used publicly avail-
able datasets for comparative analysis.

4.1 Internal Test Sets

A key challenge in SER is the strong class imbal-
ance present in both training and real-world evalua-
tion data, where emotionally neutral or low-arousal
states dominate, and emotionally expressive states
are relatively rare. This imbalance hinders model
learning and reliable performance assessment, mak-
ing it crucial to construct evaluation sets that fairly
represent both classes, especially in production set-
tings where detecting negative affect is a primary
concern.

Throughout this paper, we refer to emotion
classes as negative and non-negative, rather than
the conventional neutral vs. emotional split. This
reflects our focus on detecting negative states (e.g.,
anger, frustration), which are most relevant in cus-
tomer support. In the customer care domain, other
emotions such as happiness or surprise occur too
infrequently to support consistent labeling and are
grouped under the non-negative class.

ProdEval This is our most realistic evaluation
set, constructed from real production conversations.
As noted earlier, a key challenge in emotion data

1https://huggingface.co/lmms-lab/Aero-1-Audio
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selection is the natural class imbalance. In our
application, analysis of randomly sampled calls
shows that fewer than 1% of conversations exhibit
clear negative emotions. To ensure meaningful
evaluation, we applied class balancing during the
selection process to include sufficient samples of
both negative and non-negative classes.

In order to make expert annotation more efficient,
we utilized a data selection strategy that increased
the proportion of negative emotion calls without
increasing the overall number of calls to be labeled.
To achieve this, we applied a rule-based filtering
approach informed by domain knowledge. Specifi-
cally, we constructed queries over production data
to identify calls likely to contain negative emotions,
focusing on conversational patterns associated with
system misunderstandings, one of the most com-
mon sources of caller frustration in our application.
To reduce potential bias from targeted sampling, we
supplemented these with randomly selected calls,
resulting in a distribution with a higher proportion
of negative emotion compared to the natural distri-
bution observed in production data.

The selected evaluation data was annotated by
domain experts familiar with the specific character-
istics and user behaviors of the target application.
Because the system is designed to detect negative
emotion at the level of individual user turns, annota-
tion was performed at the utterance level, enabling
fine-grained supervision aligned with the model’s
inference granularity. To support accurate labeling,
each utterance was presented along with the full
audio of the call and all preceding turns, allow-
ing annotators to consider both acoustic cues and
conversational context when making judgments.

CueEval This evaluation set was also derived
from production conversations, but it differs from
ProdEval in both data selection and annotation
methodology. As with ProdEval, random sampling
was avoided due to the highly skewed distribution
of emotional expressions in natural data. Instead,
the selection strategy focused on leveraging ex-
isting production-side labels generated through a
combination of human-in-the-loop processes and
model-based inference that indicated instances of
swearing or anger. These segments were combined
with interactions labeled neutral or positive based
on customer satisfaction cues, such as expressions
of gratitude toward the system. The resulting subset
was then re-annotated by expert raters in an offline
setting to ensure consistent, high-quality emotion

labels.
Although CueEval reflects real production utter-

ances, it does not capture the full realism of ProdE-
val. This limitation stems from its selection crite-
ria, which primarily targeted linguistic cues such
as swearing or overt expressions of anger—based
on existing production labels. In contrast, ProdE-
val includes more subtle and context-dependent
expressions of negative emotion, such as very short
utterances (e.g., “yes” or “no”) that carry emotional
charge but are challenging to detect automatically.
These instances more accurately reflect the nuanced
nature of real-world interactions. Furthermore, un-
like ProdEval, where annotators had access to the
full call audio and interaction history, CueEval an-
notations were performed at the utterance level
without full conversational context, potentially lim-
iting labeling accuracy for ambiguous cases.

4.2 Public Test Sets

We also evaluate our prediction models on two pub-
licly available SER datasets: MELD (Poria et al.,
2019) and IEMOCAP (Busso et al., 2008). We only
perform evaluation on the test split and do not use
the train split to train our models specifically to per-
form prediction on these datasets. MELD dataset
consists of utterances from the Friends TV series,
it consists of the following labels: anger, disgust,
sadness, joy, neutral, surprise and fear. IEMO-
CAP dataset consists of dyadic sessions where the
emotional utterances of an actor are based on hy-
pothetical scenarios. It consists of the following
labels: happiness, anger, sadness, frustration and
neutral. Similar to Caralt et al. (2025), in MELD,
we consider the emotion labels: anger and disgust
as negative emotion and thus relabel these emotions
as negative emotion while the rest of the emotion
labels are relabeled as non-negative emotion. So
also, in IEMOCAP, we consider the emotion labels:
anger, disgust and frustration as negative emotion
while the rest of the emotion labels are relabeled as
non-negative emotion

4.3 Train Dataset

The train dataset is created using the same strategy
that we used to create ProdEval. We use the role-
play prompting strategy to annotate the utterances
in the train dataset. After performing the anno-
tation, we further reduced the class imbalance of
negative and non-negative emotions by using 1:K
negative sampling.
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Table 2 shows the number of samples for nega-
tive and non-negative classes across all the datasets.

Datasets Non-Negative Negative
ProdEval 1030 566
CueEval 114 92
MELD 1256 413

IEMOCAP 551 384
Train Dataset 25593 6447

Table 2: Statistics of negative and non-negative labels
in the test and train datasets

5 Results and Discussion

5.1 Experiment Settings

We use Gemini 2.0 Flash as our annotator, leverag-
ing its multi-modal capabilities to enhance annota-
tion quality. For model comparison, we evaluate
our fine-tuned Qwen 2 Audio 7B Instruct (Qwen 2
Audio) and distilled Aero 1 Audio (Aero) models
against both text- and audio-based baselines. In
the text-based setting, we use BERT base uncased
(BERT) (Devlin et al., 2019), Llama 3.1 8B Instruct
(Llama 3.1) (Dubey et al., 2024), Qwen 2 7B In-
struct (Qwen 2 Text) (Team et al., 2024), and Qwen
3 4B Instruct (Qwen 3 Text) (Yang et al., 2025) as
our baseline models. These models are trained on
our dataset and evaluated via ASR-transcribed ut-
terances. The text-based SLMs: Llama 3.1, Qwen
2 Text and Qwen 3 Text are finetuned using LoRA.

Prompt for text-based SLMs

You are a helpful assistant.

User: Detect the emotion from the text. Classify
as Negative or Non-Negative emotion

Text: <Customer utterance text>

Assistant: <Emotion>

Table 3: Prompt template used for Llama 3.1, Qwen 2
Text, Qwen 3 Text models

Prompt for audio-based SLMs

You are a helpful assistant.

User: Detect the emotion from the audio.
Classify as Negative or Non-Negative emotion

Audio: example_audio.wav

Assistant: <Emotion>

Table 4: Prompt template used for Aero, Qwen 2 Audio,
Kimi Audio, Gemini models

Among audio models, we include SER-Odyssey-
Baseline-WavLM-Arousal (WavLM-Arousal)
(Goncalves et al., 2024), classifying utterances
with arousal scores >0.5 as negative. We also
test Kimi Audio 7B Instruct (Kimi Audio) (Team,
2024)—a Qwen 2.5-based model via zero-shot
inference due to LoRA incompatibility. Finally,
we include Gemini 2.0 Flash (Gemini) as a zero-
shot baseline using roleplay prompting without
dialogue context. All audio models are evaluated
using only the current customer utterance. Prompts
used for text-based SLMs are detailed in Table 3.
Prompts used for Gemini and audio-based SLMs
are detailed in Table 4. Given the class imbalance
in SER, we report precision and recall per class,
along with ROC-AUC and accuracy for overall
comparison. Recall is particularly important in
our use case, as the goal is to detect negative
customer emotions in customer care calls. Failing
to identify angry or frustrated customers can result
in unresolved issues or escalations, making high
recall in negative emotion classes a critical priority.

Approach Name ROC-AUC Accuracy
Simple 65.16 72.27

ZCOT_Simple 65.61 73.52
ZCOT_Context 69.57 72.33

ZCOT_Detailed_Context 69.99 73.27
PAS_Detailed_Context 67.24 72.96
RP_Detailed_Context 69.18 74.34

Negative Emotion
Approach Name Precision Recall

Simple 68 41
ZCOT_Simple 75 38
ZCOT_Context 61 60

ZCOT_Detailed_Context 63 59
PAS_Detailed_Context 67 48
RP_Detailed_Context 68 51

Non-Negative Emotion
Approach Name Precision Recall

Simple 73 90
ZCOT_Simple 73 93
ZCOT_Context 78 79

ZCOT_Detailed_Context 78 81
PAS_Detailed_Context 75 87
RP_Detailed_Context 76 87

Table 5: The performance of Gemini 2.0 Flash as an
annotator when using different approaches to prompt
the LLM.
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5.2 Experimental Results

5.2.1 Performance of Gemini 2.0 Flash as
annotator

The performance of Gemini 2.0 Flash as an an-
notator on ProdEval data is shown in Table 5.
Note that when evaluating an LLM as an anno-
tator, unlike during inference, where recall is of-
ten more important than precision, the goal is
to achieve high performance on both precision
and recall. This is because low precision will
lead to mislabeled training samples. We ob-
serve that RP_Detailed_Context approach gives
the highest accuracy and the ROC-AUC score
is close to ZCOT_Detailed_Context approach.
The recall of RP_Detailed_Context approach on
negative emotion is also slightly lower than
ZCOT_Detailed_Context approach. The precision
is better than ZCOT_Detailed_Context approach
and only lower than ZCOT_Simple approach. How-
ever, the ZCOT_Simple approach has the low-
est recall on negative emotion. The performance
of all the approaches on non-negative emotion
is comparable. ZCOT_Simple, ZCOT_Context,
and ZCOT_Detailed_Context use the zershot COT
prompting, wherein the model first generates the
reasoning based on the prompt, after which it uses
the prompt and reasoning to generate the emo-
tion, effectively being a two-pass approach (Ko-
jima et al., 2022) and in the process also increas-
ing the cost of output generation when used in
scale. In contrast, RP_Detailed_Context uses the
roleplay approach where assigning the role of in-
tent analyst leads to implicit COT and also pro-
vides better reasoning than zero-shot COT (Kong
et al., 2024), thus effectively being a single-pass
approach. Thus, in case of data annotation at scale,
RP_Detailed_Context approach is suitable as its
ability to detect negative emotion is comparable
to that of ZCOT_Detailed_Context while also giv-
ing highest overall accuracy and lowering the cost
of output generation. Furthermore, in ProdEval
the Cohen’s Kappa score between predictions us-
ing RP_Detailed_Context and human annotator is
0.4 indicating fair agreement between Gemini as
an annotator and human annotator. Thus, show-
ing the effectiveness of our prompting method for
large scale annotation. The prediction performance
of the text- and audio-based models are shown in
Table 6 which we will discuss in detail in the fol-
lowing sections.

5.2.2 Performance of text-based models
We observe that among the text-based models
Llama 3.1 has the highest avg. Accuracy and ROC-
AUC, whereas in terms of recall of negative emo-
tion, Qwen 2 Text has the highest avg. recall. Qwen
3 Text has avg. accuracy, avg. ROC-AUC and avg.
recall of negative emotion, which is closer to Llama
3.1. However, interestingly Qwen 3 Text has only
4B parameters compared to Llama 3.1 which has
8B parameters. Since, Qwen 3 models are trained
on a combination of COT generated reasoning data
and curated datasets, so the implicit thinking ability
is ingrained in the model that may contribute to im-
proved performance even when the model has less
parameters. Finally, we observe that BERT is the
worst model in terms of recall of negative emotion.
However, in terms of avg. precision, the perfor-
mance of BERT is comparable to that of other text-
based models. In the case of non-negative emotion,
the avg. precision and recall of all the text-based
models is comparable, which is expected since non-
negative emotion is the majority class and is easier
to detect compared to negative emotion labels.

5.2.3 Performance of audio-based models
We first discuss the results of our finetuned Qwen
2 Audio model and other audio models that we use
as baselines. We observe that our finetuned Qwen
2 Audio model, surpasses the text-based models
by considerable margins in terms of avg. accu-
racy, avg. ROC-AUC and avg. recall on negative
emotion. WavLM Arousal model gives the best
performance in ProdEval but does not perform well
on CueEval as the dataset is based on linguistic
cues, while the model is more inclined towards de-
tecting acoustic cues. Kimi Audio performs better
than Qwen 2 Audio even at zero-shot because Kimi
Audio improves upon the Qwen 2.5 7B architecture
by using Whisper and GLM tokenizer to tokenize
the audio which may play a role in improving the
performance. We also observe that Gemini gives
performance that is comparable to Qwen 2 Audio
in ProdEval, while it gives a higher performance in
CueEval. Thus, showing that when using acoustic
and linguistic cues, Gemini will require more con-
text to give better results, but it will perform well
when the dataset has only linguistic cues.

In MELD, the performance of Qwen 2 Audio
degrades in terms of accuracy, ROC-AUC and pre-
cision. This could be because MELD is based on
TV series and the emotions tend to be exaggerated
and dramatic which may have negatively affected
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ROC-AUC Avg. ROC-AUC Accuracy Avg. AccuracyModels ProdEval CueEval MELD IEMOCAP ProdEval CueEval MELD IEMOCAP
Text Models

BERT 61.87 68.44 55.08 60.64 61.51 69.57 68.76 68.48 57.75 66.14
Llama 3.1 62.8 69.7 69.6 66.19 67.07 69.63 68.44 61.47 69.09 67.16

Qwen 2 Text 61.91 64.79 67.9 68.02 65.66 68.69 63.59 58.65 64.15 63.77
Qwen 3 Text 62.03 68.09 69.66 65.02 66.20 69.57 67.47 63.39 67.37 66.95

Audio Models
WavLM-Arousal 70.47 53 58.7 77.51 64.92 75.25 54.36 41.4 72.19 60.80

Kimi Audio 71.29 83.78 73.52 79.52 77.03 76.28 84.95 81.3 76.14 79.67
Gemini 64.84 88.19 71.3 74.79 74.78 72.02 87.86 73.81 73.68 76.84

Qwen 2 Audio 66.42 81.49 65.92 69.95 70.95 72.2 80.09 57.27 72.4 70.49
Aero 67.83 77.68 62.12 69.54 69.29 73.21 76.69 47.51 72.62 67.51

Precision and Recall for Negative Emotion
Precision Avg. Precision Recall Avg. RecallModels ProdEval CueEval MELD IEMOCAP ProdEval CueEval MELD IEMOCAP

Text Models
BERT 63 63 34 73 58.25 35 72 29 44 45

Llama 3.1 61 80 38 70 62.25 39 58 86 82 66.25
Qwen 2 Text 59 57 36 68 55 39 76 86 86 71.75
Qwen 3 Text 62 61 39 70 58 36 74 82 78 67.5

Audio Models
WavLM-Arousal 72 49 29 38 47 54 40 93 86 68.25

Kimi Audio 69 92 63 64 72 54 73 58 98 70.75
Gemini 68 83 48 84 70.75 40 91 66 69 66.5

Qwen 2 Audio 65 71 35 73 61 46 95 83 84 77
Aero 67 69 31 72 59.75 49 87 91 87 78.50

Precision and Recall for Non-Negative Emotion
Precision Avg. Precision Recall Avg. RecallModels ProdEval CueEval MELD IEMOCAP ProdEval CueEval MELD IEMOCAP

Text Models
BERT 71 74 78 49 68 88 66 82 77 78.25

Llama 3.1 72 61 92 66 72.75 86 82 54 50 68
Qwen 2 Text 72 73 92 67 76 85 54 50 43 58
Qwen 3 Text 71 75 91 62 74.75 88 62 57 52 64.75

Audio Models
WavLM-Arousal 78 58 91 96 80.75 89 66 24 69 62

Kimi Audio 77 81 87 98 85.75 87 95 89 61 83
Gemini 73 92 87 64 79 90 85 76 81 83

Qwen 2 Audio 75 94 90 71 82.5 86 68 49 56 64.75
Aero 76 87 92 73 82.00 86 68 33 52 59.75

Table 6: The prediction performance of the audio- and text-based baseline models and our finetuned audio-based
SLM and distilled audio-based SLM on different test sets.

the model. In case of IEMOCAP, the accuracy and
ROC-AUC of Qwen 2 Audio is comparable to Gem-
ini, while the recall on negative emotion outper-
forms Gemini. Since, IEMOCAP comprises of con-
versation between multiple speakers and consists
of genuine emotions, it is closer to our ProdEval
and CueEval datasets. Thus, the results on ProdE-
val, CueEval and IEMOCAP datasets show that
SLMs that are fine-tuned for domain-specific tasks
can outperform generalized larger LLMs. Similar,
to text-based models, in the case of non-negative
emotion, the avg. precision and recall of all the
audio-based models is comparable. Overall, we
can conclude that the audio-based models outper-
form the text-based models as they factor in the
linguistic and acoustic cues present in the utterance
to predict the emotion.

5.2.4 Performance of distilled audio-based
model

The Aero model is distilled from our finetuned
Qwen 2 Audio model. The results show that the
distilled Aero model has the highest recall on neg-
ative emotion among all the text- and audio based
models. Since Aero is distilled from our finetuned
Qwen 2 Audio, it follows the similar trends as
Qwen 2 Audio across all the datasets. The avg. ac-
curacy of Aero is slightly lower than that of Qwen
2 Audio. At dataset level, the recall of negative
emotion, is consistently better than Qwen 2 Audio
and also exceeds or remains on par with Kimi Au-
dio and Gemini. Thus, we show that distillation
from teacher model to student model can improve
classification performance even if both models be-
long to different language model families. Overall,
in production, we need a high-recall model for
detecting negative emotion and Aero fulfills that
requirement.
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Models CPU Latency (in seconds)
BERT 0.04

Qwen 2 Text 5.56
WavLM Arousal 0.66
Qwen 2 Audio 7.36

Aero 2.56

Table 7: Inference time CPU latency for text-based
models and audio-based models

5.3 Latency Analysis

As we need our model to have a high-recall as well
as low latency during inference time, so we analyze
the inference time CPU latency of Qwen 2 Audio
and Aero. We compare these models with Qwen 2
Text, which is the best performing text-based model
in terms of recall of negative emotion, BERT and
WavLM-Arousal, which are light-weight models
and have only a few million parameters. The aver-
age latency of the models is shown in Table 7. We
observe that avg. latency of BERT and WavLM-
Arousal is less than 1 second because both models
have low parameters. However, the classification
performance is much lower than the other SLMs
discussed earlier. Qwen 2 Text and Qwen 2 Audio
have avg. latency of 5.56s and 7.36s, respectively,
which make them unsuitable for real-time deploy-
ment. However, Aero has an avg. latency of 2.56
secs while maintaining a classification performance
that is almost on par with Qwen 2 Audio and out-
performs other models in terms of recall of negative
emotion. Thus, it is suitable for real-time deploy-
ment while maintaining quality performance.

6 Conclusions

We developed low-latency, high-recall audio-based
SLM for real-time detection of negative emotions
in customer care, with consistent performance
across internal and public test sets. Using LLMs for
large-scale annotation, we created realistic training
data with quality close to human labels. Audio-
based models outperformed text-only approaches,
effectively capturing emotion from short utterances
without context. Notably, smaller fine-tuned mod-
els matched or exceeded the performance of larger
LLMs. For future work, we aim to further improve
latency and recall, and to monitor system perfor-
mance post-deployment in real-world settings.

Limitations

Despite the comprehensive evaluation, several lim-
itations should be noted. First, while we focus on
internal datasets that closely represent real-world
data, their scope may still be limited in diversity,
which could affect the generalizability of our re-
sults to all production environments. Additionally,
our approach primarily targets detection of nega-
tive emotion and its performance in recognizing
other emotional states remains an area for further
exploration. Furthermore, our work does not cover
the detection and mitigation of data drift that can
occur in production environment due to shift in dis-
tribution of production data compared to training
data. Finally, while we aim for real-time applica-
bility, factors such as computational resources and
model scalability in dynamic environments were
not fully addressed in this study.
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vic, Nghia Khau, Diana Nicoleta Popa, Bruna
Guedes, Victor Guimarães, Zeyu Yang, Andre Manso,
Meghana Reddy, and 1 others. 2025. “stupid robot, i
want to speak to a human!” user frustration detection
in task-oriented dialog systems. In Proceedings of
the 31st International Conference on Computational
Linguistics: Industry Track, pages 276–285.

Youjun Chen, Xurong Xie, Haoning Xu, Mengzhe
Geng, Guinan Li, Chengxi Deng, Huimeng Wang,
Shujie Hu, and Xunying Liu. 2025. Towards
llm-empowered fine-grained speech descriptors for
explainable emotion recognition. arXiv preprint
arXiv:2505.23236.

260



Yunfei Chu, Jin Xu, Qian Yang, Haojie Wei, Xipin Wei,
Zhifang Guo, Yichong Leng, Yuanjun Lv, Jinzheng
He, Junyang Lin, Chang Zhou, and Jingren Zhou.
2024. Qwen2-audio technical report. arXiv preprint
arXiv:2407.10759.

Tim Dettmers, Mike Lewis, Sam Shleifer, and Luke
Zettlemoyer. 2021. 8-bit optimizers via block-wise
quantization. arXiv preprint arXiv:2110.02861.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. Bert: Pre-training of deep
bidirectional transformers for language understand-
ing. In Proceedings of the 2019 conference of the
North American chapter of the association for com-
putational linguistics: human language technologies,
volume 1 (long and short papers), pages 4171–4186.

Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey,
Abhishek Kadian, Ahmad Al-Dahle, Aiesha Letman,
Akhil Mathur, Alan Schelten, Amy Yang, Angela
Fan, and 1 others. 2024. The llama 3 herd of models.
arXiv e-prints, pages arXiv–2407.

Soumya Dutta and Sriram Ganapathy. 2025. Llm
supervised pre-training for multimodal emotion
recognition in conversations. arXiv preprint
arXiv:2501.11468.

Yumeng Fu. 2024. Ckerc: Joint large language
models with commonsense knowledge for emo-
tion recognition in conversation. arXiv preprint
arXiv:2403.07260.

Apoorva Garg, Sagnik Ghosh, Poonam Ramu, Naren
Vempaty, and Harsh Shah. 2024. Deep learning ap-
proaches for speech emotion recognition: Challenges
and opportunities. ICT Express.

L. Goncalves, A. N. Salman, A. Reddy Naini, L. Moro-
Velazquez, T. Thebaud, L. Paola Garcia, N. Dehak,
B. Sisman, and C. Busso. 2024. Odyssey2024 -
speech emotion recognition challenge: Dataset, base-
line framework, and results. In Odyssey 2024: The
Speaker and Language Recognition Workshop), vol-
ume To appear, Quebec, Canada.

Taesik Gong, Josh Belanich, Krishna Somandepalli,
Arsha Nagrani, Brian Eoff, and Brendan Jou. 2023.
Lanser: Language-model supported speech emotion
recognition. In Proceedings of Interspeech 2023.

Edward J Hu, Phillip Wallis, Zeyuan Allen-Zhu,
Yuanzhi Li, Shean Wang, Lu Wang, Weizhu Chen,
and 1 others. Lora: Low-rank adaptation of large
language models. In International Conference on
Learning Representations.

Takeshi Kojima, Shixiang Shane Gu, Machel Reid, Yu-
taka Matsuo, and Yusuke Iwasawa. 2022. Large lan-
guage models are zero-shot reasoners. Advances in
neural information processing systems, 35:22199–
22213.

Aobo Kong, Shiwan Zhao, Hao Chen, Qicheng Li, Yong
Qin, Ruiqi Sun, Xin Zhou, Enzhi Wang, and Xiao-
hang Dong. 2024. Better zero-shot reasoning with
role-play prompting. In NAACL-HLT.

Shanglin Lei, Guanting Dong, Xiaoping Wang, Keheng
Wang, Runqi Qiao, and Sirui Wang. 2023. Instruc-
terc: Reforming emotion recognition in conversation
with multi-task retrieval-augmented large language
models. arXiv preprint arXiv:2309.11911.

Hsien-Chin Lin, Shutong Feng, Christian Geishauser,
Nurul Lubis, Carel van Niekerk, Michael Heck, Ben-
jamin Ruppik, Renato Vukovic, and Milica Gasić.
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A Prompts used for using Gemini 2.0
Flash for annotation

You are given the conversation between a virtual agent and
user. The question asked by the virtual agent is in text
format and the utterance of the user is in audio format.

Definitions:
Negative Emotion is expressed through anger, irritation,
dissatisfaction, etc. The cues that show negative emotion
could be linguistic, acoustic, or both. Linguistic cues
include negative/angry words, swearing, complaining
about the system or its suggestions, repeating the same
request multiple times, etc. Acoustic cues include changes
in the tone of the speaker or other voice changes including:
a higher pitch, louder volume, more tension or strain which
can sound tight or harsh, or sudden changes in loudness or
speed.

Non-Negative Emotion: Mark an utterance as
non-negative if the caller does not seem to have a negative
emotion in that utterance. Since we are doing a binary
labeling here, positive emotions will also be marked as
non-negative.
Note that sometimes negative emotion can be more subtle
and does not always involve negative language.

We are looking for the point in the conversation
where the caller is starting to be frustrated with the system.
This can happen for different reasons, including but not
limited to:

1. Customer makes multiple requests wanting to talk to
a live agent. If the caller is asking to talk to a live
agent then check the context to see if the caller has
asked multiple times, if not check whether there are
some acoustic cues which reflect negative emotion
while asking for a live agent.

2. System misunderstands the caller and repeats the
same options or reprompts multiple times

3. Caller does not understand or does not have the in-
formation that virtual assistant is asking

4. Long, unresolved conversations where the user’s task
remains incomplete.

Return only "Negative Emotion" or "Non-Negative Emo-
tion" based on the audio. Do not add any additional com-
ments.

Figure 2: Prompt used for Simple prompting approach
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You are given the conversation between a virtual agent and
user. The question asked by the virtual agent is in text
format and the utterance of the user is in audio format.

Definitions:
Negative Emotion is expressed through anger, irritation,
dissatisfaction, etc. The cues that show negative emotion
could be linguistic, acoustic, or both. Linguistic cues
include negative/angry words, swearing, complaining
about the system or its suggestions, repeating the same
request multiple times, etc. Acoustic cues include changes
in the tone of the speaker or other voice changes including:
a higher pitch, louder volume, more tension or strain which
can sound tight or harsh, or sudden changes in loudness or
speed.

Non-Negative Emotion: Mark an utterance as
non-negative if the caller does not seem to have a negative
emotion in that utterance. Since we are doing a binary
labeling here, positive emotions will also be marked as
non-negative.
Note that sometimes negative emotion can be more subtle
and does not always involve negative language.

We are looking for the point in the conversation
where the caller is starting to be frustrated with the system.
This can happen for different reasons, including but not
limited to:

1. Customer makes multiple requests wanting to talk to
a live agent. If the caller is asking to talk to a live
agent then check the context to see if the caller has
asked multiple times, if not check whether there are
some acoustic cues which reflect negative emotion
while asking for a live agent.

2. System misunderstands the caller and repeats the
same options or reprompts multiple times

3. Caller does not understand or does not have the in-
formation that virtual assistant is asking

4. Long, unresolved conversations where the user’s task
remains incomplete.

Let’s think step by step to understand the emotion of the
utterance of the user. Provide some explanation.

Figure 3: Prompt used for ZCOT_Simple,
ZCOT_Context, and ZCOT_Detailed_Context
prompting approaches

You are given the conversation between a virtual agent and
user. The question asked by the virtual agent is in text
format and the utterance of the user is in audio format.

Definitions:
Negative Emotion is expressed through anger, irritation,
dissatisfaction, etc. The cues that show negative emotion
could be linguistic, acoustic, or both. Linguistic cues
include negative/angry words, swearing, complaining
about the system or its suggestions, repeating the same
request multiple times, etc. Acoustic cues include changes
in the tone of the speaker or other voice changes including:
a higher pitch, louder volume, more tension or strain which
can sound tight or harsh, or sudden changes in loudness or
speed.

Non-Negative Emotion: Mark an utterance as
non-negative if the caller does not seem to have a negative
emotion in that utterance. Since we are doing a binary
labeling here, positive emotions will also be marked as
non-negative.
Note that sometimes negative emotion can be more subtle
and does not always involve negative language.

We are looking for the point in the conversation
where the caller is starting to be frustrated with the system.
This can happen for different reasons, including but not
limited to:

1. Customer makes multiple requests wanting to talk to
a live agent. If the caller is asking to talk to a live
agent then check the context to see if the caller has
asked multiple times, if not check whether there are
some acoustic cues which reflect negative emotion
while asking for a live agent.

2. System misunderstands the caller and repeats the
same options or reprompts multiple times

3. Caller does not understand or does not have the in-
formation that virtual assistant is asking

4. Long, unresolved conversations where the user’s task
remains incomplete.

The sequence number of the utterances in the conversation
is given in brackets as Utterance sequence no.
The dialog state id indicates the dialog state of the user
utterance is provided for each user utterance in brackets as
Dialog state id.
Let’s first understand the problem and devise a plan to solve
the problem. Then, let’s carry out the plan and solve the
problem step by step.
Pay attention to the context of the conversation (if avail-
able), use the text of the context, utterance sequence num-
bers and dialog state ids to understand the current utterance.
Use this to refine your plan. Pay attention to commonsense
and logical reasoning.

Figure 4: Prompt used for PAS_Detailed_Context
prompting approach
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B Impact of Context Window Size on
Annotation Performance

Context Window Size ROC-AUC Accuracy
1 64.31 69.38
2 61.77 70.51
3 64.48 70.82
4 64.32 70.01
5 63.64 69.69

Negative Emotion
Context Window Size Precision Recall

1 59 47
2 68 32
3 63 43
4 61 45
5 60 43

Non-Negative Emotion
Context Window Size Precision Recall

1 74 82
2 71 92
3 73 86
4 73 84
5 73 85

Table 8: Classification performance of Simple prompt-
ing approach for different context window sizes. The
context window size indicates the number of previous
agent-customer interactions that are provided as context.
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Abstract

Alongside its literal meaning, text also carries
implicit social signals: information that is used
by the reader to assign the author of the text
a specific identity or make assumptions about
the author’s character. The reader creates a
mental image of the author which influences
the interpretation of the presented information.
This is especially relevant for argumentative
text, where the credibility of the information
might depend on who provides it. We therefore
focus on the question: How do readers of an
argument imagine its author? Using the Con-
tArgA corpus, we study arguments annotated
for convincingness and perceived author prop-
erties (level of education and Big Five person-
ality traits). We find that annotators perceive an
author to be similar to themselves when they
agree with the stance of the argument. We also
find that the envisioned personality traits and
education level of the author are statistically sig-
nificantly correlated with the argument’s con-
vincingness. We conduct experiments with four
generative LLMs and a RoBERTa-based regres-
sion model showing that LLMs do not replicate
the annotators judgments. Argument convinc-
ingness can however provide a useful signal for
modeling perceived author personality when it
is explicitly used during training.

1 Introduction

When interpreting a text, social clues about the
author (also called social meaning, Nguyen et al.,
2021) and referential meaning are often intrinsi-
cally linked. Reading a social media post by a
disliked politician might lead to a different inter-
pretation than reading the same text but assuming
it was written by a friend. Similarly, properties of
the text like word choice might give clues to an au-
thor’s educational level or personality traits. This
interplay is especially relevant with regards to per-
suasive text, where a judgment of the argument’s
convincingness is derived from both the argument

A young man
says: "Zoos are

a waste of
taxpayers'
money."

convincingness: 2/5
author traits: extraverted,

 not agreeable, 
        low education level,

...

text shown to the
annotator assessmentI ❤️ zooannotator

Figure 1: Work flow example. The annotator’s stance
(pro zoos, as shown on the t-shirt) clashes with the
stance of the argument. The argument is seen as uncon-
vincing and leads to an unfavorable assessment of the
author.

itself and the source of the argument (Petty and Ca-
cioppo, 1986). It is our hypothesis that, when only
minimal contextual grounding is available, readers
develop their mental image of the author mostly
from the argumentative text, allowing us a glimpse
into the construction of social meaning.

Previous work has found the assessment of ar-
gument convincingness to be a subjective task
with low inter-annotator agreement (Quensel et al.,
2025). While convincingness is derived from the
argument text itself, it is also influenced by factors
that are dependent on the reader of the argument:
their familiarity with the topic and their stance to-
wards it (Greschner et al., 2025). In this work,
we examine both the argument-focused variable of
convincingness as well as the annotator-focused
variable of topic stance with regards to their role
in the creation of a mental image of an argument’s
author. This way we move from an abstract view
of arguments towards a perspectivist approach that
integrates human differences.

To examine the phenomenon of author percep-
tion we investigate the connections between the
convincingness of an argument and traits of its en-
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visioned author (Big Five personality traits (Costa
and McCrae, 1999) and education level). We
find that convincingness is positively correlated
with perceived education and the personality traits
Agreeableness and Conscientiousness. We also
investigate how properties of the annotator shape
the envisioned author, specifically the annotators’
agreement with the stance of the argument. We
find that when the stance of the argument aligns
with the stance of the annotator, they perceive the
envisioned author to be more similar to themselves
than when stances do not align.

We study the role of convincingness in modeling
author personality by testing four generative LLMs,
either with no convincingness signal, the annotator-
assigned score, or a random value. Results show
that the tested LLMs do not benefit from the con-
vincingness signal. In contrast, a RoBERTa-based
regression model trained with the convincingness
signal better aligns with human annotations than
the same model without it. This highlights convinc-
ingness as a valuable cue for modeling perceived
author personality.

Our main research questions are:
RQ 1: Do annotators build an internal represen-

tation of an author when presented with an argu-
ment? (Yes)

RQ 2: What perceived author properties are
associated with the individual assessment of con-
vincingness in arguments? (All personality traits
show correlation with convincingness, with Agree-
ableness having the strongest correlation)

RQ 3: How does annotator stance influence the
similarity between annotator and envisioned au-
thor? (When stances agree, there is a statistically
significant correlation of all personality traits of
annotator and envisioned author)

RQ 4: Does the correlation in of convincing-
ness and envisioned author personality traits (estab-
lished in RQ2) carry over to computational model-
ing, helping to predict perceived author personal-
ity? (Yes)

Understanding how readers envision an argu-
ment’s author is important because social infer-
ences play a role in credibility judgments, yet they
remain underexplored in computational argumenta-
tion. By examining how readers envision authors
within a controlled setting, our work offers an em-
pirical basis for understanding these social infer-
ences. Our findings highlight that subjective fac-
tors like assessment of convincingness and reader
stance are a non-negligible part of how people pro-

cess argumentative text. We make all data and code
publically available.1

2 Related Work

2.1 Social Meaning

Understanding and modeling the information that
a text conveys about its author has been the focus
of computational sociolinguistic research, looking
especially at vernacular and dialect (Nguyen et al.,
2016). Recent work has pointed out that the di-
mension of social meaning remains underexplored
in the context of NLP, especially because modern
NLP systems train on large data sets, where text is
removed from the situational context of its creation,
capturing the abstract patterns of language rather
than its situation dependent use (Yang et al., 2025).

While social meaning might be embedded along
representational meaning in language models, these
models do not actively draw on this knowledge
(Lauscher et al., 2022). Nguyen et al. (2021) argue
that linguistic forms with different social meaning
should not receive the same representation if social
meaning is relevant for the task at hand. This would
require disentangling the two types of meaning
with regards to social context and properties of the
interaction participants.

Recent work in perspectivism shares in this crit-
icism of socially unaware models (Frenda et al.,
2024). Perspectivist authors point out that vari-
ations between annotators should not be seen as
noise or a product of insufficient annotator train-
ing, but as a source of information about the task
at hand (Kanclerz et al., 2022; Casola et al., 2025;
Weber-Genzel et al., 2024).

Our work follows this advice by considering not
only argument text, but also individual properties of
the annotator like their personality traits, education
level, stance towards the argument topic, assess-
ment of argument convincingness and the mental
image that annotators create of the author.

2.2 Personality Traits

The task of deducing an authors personality traits
from text is examined in the domain of author pro-
filing (Verhoeven et al., 2016; Kreuter et al., 2022).
In contrast to this work, we do not aim to deduce
the ground truth personality traits of the author of
an argument, but rather what a reader of the argu-
ment thinks they are – assessing an imagined au-

1https://www.uni-bamberg.de/en/nlproc/projects/emcona
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thor, that might be different for each reader, rather
than an actually existing person.

Another line of work examines the way readers
construct mental representations of fictional char-
acters from text. Pizzolli and Strapparava (2019)
use the Big Five personality trait model to create
character profiles from dialogues in theater plays
and Tiuleneva et al. (2024) release a data set of
character utterances annotated with Big Five per-
sonality traits. While these works are more similar
to our in that they are also concerned with the men-
tal representation of personality from text alone,
they do not integrate subjective assessments of the
annotators into modeling, thus ignoring differences
between readers.

2.3 Perceived Author Identity in Arguments
While there is some research on perceived author
properties in other domains, there is only little re-
search about implicit information conveyed about
the author in textual arguments, one instance being
Bender et al. (2011). The paper studies claims to
authority and agreement in Wikipedia forum discus-
sions. While Bender et al. (2011) do not study the
assumptions that conversation participants make
about one another, they examine how speaker iden-
tity and authority is constructed in text, calling
this identity work in reference to sociolinguistic
research (Bucholtz and Hall, 2010).

Another notable work is the ContArgA corpus
(Greschner et al., 2025), which allows us to exam-
ine this identity work at play in one concentrated
snapshot. Unlike a lengthy forum discussion that
allows for opinions to develop slowly, the corpus
offers an opportunity to see the mental model that
annotators develop of the author, based only on a
text, minimal demographic information and their
own prior belief.

3 Experimental Settings

To answer our research questions, we take a two-
step approach. We first conduct a detailed statistical
analysis of the ContArgA courpus to answer RQs
1, 2, and 3 and then use the gained insights do de-
sign our modeling experiments, thereby answering
RQ 4.

3.1 The ContArgA Corpus
To conduct our research, we require a corpus that
combines short textual arguments with annotator
assessments of the text’s convincingness and prop-
erties of the envisioned author of the text, e.g., the

author’s education level and Big Five personality
traits. We also need the corpus to contain the same
information (education level and Big Five Person-
ality traits) about the annotator. The ContArgA
corpus (Greschner et al., 2025) satisfies these re-
quirements which is why we select it for our study.

The ContArgA corpus contains 800 arguments
that were sampled from two existing argument cor-
pora and re-annotated for a variety of different vari-
ables. Each argument was annotated by 5 annota-
tors resulting in a total of 4000 annotations. Each
annotator annotated at least 2 arguments, but mul-
tiple participation was allowed. Annotators were
recruited via the annotation platform Prolific and
they represent an even distribution across ages and
genders. For further details, refer to Greschner et al.
(2025).

During the annotation process, annotators were
instructed to imagine themselves as participants
in a town hall discussion on a contentious issue,
watching a speaker approaching the podium and
presenting an argument in favor or against the issue
(an example of this can be seen in Figure 1). They
then provided judgments of the convincingness of
the argument, emotions they experienced and an as-
sessment of the person saying the argument. While
the corpus contains a variety of annotations, we
are specifically interested in variables pertaining
to the annotator and the envisioned author of the
argument.

Input. After being introduced to the scenario an-
notators see the textual argument along a minimal
description of the person uttering the argument.
The description presents the annotator either with
an old or a young person and a man or a woman,
e.g.: “An old woman approaches the microphone
and makes a statement: . . . ”. The input variables
are age and gender of the author and the argument
they present. Textual arguments that explicitly re-
fer to the speakers age or gender were removed
during corpus creation to avoid conflicting inputs.

Annotations. The annotators provide three kinds
of information: First, they provide information
about themselves, specifically by disclosing their
level of education and their stance towards the dis-
cussion topic and by filling a Big Five personality
test (Gosling et al., 2003). Second, they provide
their assessment of the argument, specifically by
annotating its convincingness on a scale of 1 to
5, with 1 being least and 5 being most convinc-
ing. Third, they provide information about the en-
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Annotation

convincingness:
numeric, 1 - 5

personality: Big Five

education: categorical

description: text

A young man says:
"Zoos are a waste of
taxpayers' money"

argument: text
author age: young/old 
author gender: man/woman

personality: Big Five

education: categorical

topic stance: 1 - 5

text input

information given
argument 
properties

envisoned author properties annotator properties

Argument display

topic stance: pro/con

Figure 2: Overview of relevant variables collected in the ContArgA corpus.

visioned author, assigning them an education level,
filling the same Big Five personality test they filled
earlier for themselves for the author and lastly fill-
ing an optional free text field with further details
about the envisioned author. An overview of the
examined variables can be found in Figure 2.

3.2 Modeling

To examine the role of convincingness in model-
ing perceived author personality traits, we use the
full ContArgA corpus as a test set. All LLMs re-
ceive the ContArgA corpus as input, while for the
RoBERTa-based model we perform 5-fold cross-
validation. This way we can report results for the
RoBERTa model for all instances of the ContArgA
corpus. In all test cases we compute the root mean
squared error in comparison with the gold labels
provided by the annotators for each of the Big Five
personality traits. We release all models, training
code and LLM outputs.2

LLM. To examine the capabilities of light-
weight LLMs in modeling implicit assumptions
about the author of a text we choose four recent
open-weight LLMs (Gemma 8.5B (Mesnard et al.,
2024), Mistral 7.2B (Jiang et al., 2023), Mixtral
46.7B (Jiang et al., 2024), 3.2B (Grattafiori et al.,
2024)). We use a zero-shot prompting setup in
which we put the full text that the annotators see
as the user prompt. As system prompt we set the
task of filling the Big Five personality test for the
author of the argument. We also provide the not
yet filled-out questionnaire itself, the same way as
the human annotators were shown during the cre-
ation of the ContArgA corpus (the full prompt can
be found in Appendix A). We set three experimen-
tal conditions: One providing the LLM with the
convincingness value annotated by the human anno-
tators (as an additional textual line in the prompt),
one providing a random value, and one without this
information. Building on the results of our earlier
statistical analysis, we hypothesize that having the
annotator-assigned convincingness values (in com-

2https://www.uni-bamberg.de/en/nlproc/projects/emcona

parison to a random value or no value at all) should
help the LLM to make author assessments that are
more similar to human judgments.

All models are hosted on our own infrastructure
via Ollama3. We use Ollama default parameters
for all models, namely a temperature of 0.7, token
limit of 1024 and Top P sampling set to 0.95.

RoBERTa-based Model. In addition to LLM
prompting, we compare against a RoBERTa-based
(Liu et al., 2019) regression model which is in-
spired by the FiLM model used for learning from
input signals with different sized vector encodings
(Perez et al., 2018). Each argument text is com-
bined with the demographic data of the speaker (as
in the example in Figure 2), tokenized and encoded
by RoBERTa4, and the representation of the [CLS]
token is extracted as a fixed-length vector. To ac-
count for the role of perceived convincingness, we
implement two model variants:

In the Baseline Model, the [CLS] embedding
is passed through a two-layer feed-forward regres-
sion head (512 → 256 hidden units, ReLU activa-
tions, dropout rate 0.2), producing continuous pre-
dictions for the Big Five personality dimensions. In
the Convincingness-Augmented Model, in addition
to the argument text, the annotator-provided con-
vincingness score is supplied as an auxiliary scalar
input. The score is projected into the same dimen-
sionality as the [CLS] embedding via a two-layer
projection network, and used to generate feature-
wise scaling and shifting parameters (FiLM modu-
lation). These parameters are applied to the [CLS]
embedding to yield a convincingness-conditioned
representation, which is then passed through the
same feed-forward regression head as the baseline.
This architecture ensures that the augmented model
has equivalent capacity to the baseline, with the
only difference being the inclusion of convincing-
ness information.

RoBERTa-based models were trained with early
stopping, learning rate of 2 × 10−5 and a weight

3https://github.com/ollama/ollama
4https://huggingface.co/FacebookAI/RoBERTa-base
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decay of 0.01. The best performing model was
trained for 9 epochs. All models were trained on
a single Nvidia L40 GPU with one training run
taking on average 1.5 minutes.

4 Results

In this following section we will outline the results
of the analysis of the ContArgA data set and the
modeling experiments.

4.1 RQ 1: Do annotators imagine an author
when presented with arguments?

To answer this question we look at several statis-
tical properties of the data presented in the Con-
tArgA corpus.

Free Text Input. We investigate whether anno-
tators use the free-text description field offered
to give additional details about the author to at-
tribute fully developed characteristics to them, and
whether these descriptions differ depending on the
argument or between annotators.

To address these questions, we analyze the free-
text responses provided by annotators. We first
examine the frequency and content of the entries,
and then quantify variation using the Jaccard in-
dex, a measure of word overlap. Variation is as-
sessed both within annotators (comparing their de-
scriptions across different arguments) and across
annotators (comparing descriptions for the same
argument).

Overall, 69% of annotators completed the free-
text field. Among the 100 most frequently used
adjectives are “passionate” (22 mentions), “strong”
(20 mentions), and “religious” (14 mentions), while
common nouns include identity terms such as “fa-
ther” (18 mentions), “student” (15 mentions), and
“parent” (7 mentions). These patterns suggest that
annotators ascribe specific roles and characteristics
to the imagined authors.

To determine whether different arguments elicit
different author descriptions, we calculated the Jac-
card index for all entries from the same annotator.
The resulting low average of 0.074 indicates that
individual annotators provide distinct descriptions
for different arguments. Exceptions exist, such as
an annotator who consistently questioned whether
each envisioned author was “of foreign descent.”
Some annotators also maintain a repeated sentence
structure (e.g., “She seemed . . . ” or “The person is
. . . ”) while varying the descriptors.

We then assessed whether different annotators
envision the same author differently by computing
the Jaccard index across annotators for the same
argument. The very low average of 0.035 confirms
substantial variation between annotators. Although
occasional overlap occurs (e.g., two annotators de-
scribing an author as “right-wing”), more often,
annotators use divergent descriptors, such as one
calling the author “well-educated” while another
describes them as “naive”.

Demographic Variables of the Author. We hy-
pothesize that if an annotator envisages an author,
they might apply the same demographic biases to
them as they would to an existing person. Specifi-
cally, we want to examine whether perceptions of
an author’s age or gender influence how annotators
envisage them, e.g. whether older authors are as-
sumed to be wiser than younger authors, or whether
female authors are envisioned as more emotional
than male authors. In the ConArgA annotation
process demographic information about the author
was presented alongside the argument text (see Fig-
ure 1), which allows us to answer these questions.

To answer them, we assign numerical values to
the successive categorical education levels and per-
form a T-Test between the respective groups. Be-
cause the personality traits are valued with numeric
values, e.g., Extraversion = 2, we perform a T-Test
between respective groups here, too. We do not
find any statistically significant differences in en-
visioned education level between female and male
authors, and only slight differences in assumed
personality traits: Women are rated slightly (but
statistically significantly) higher in Agreeableness
and lower in Emotional Stability, which aligns with
gender stereotypes in the region where the corpus
was collected (Plant et al., 2000).

Demographic bias is more pronounced along the
age axis than along the gender axis: Old authors are
assumed to have a lower education level than young
ones and are perceived as statistically significantly
different in all personality traits, being assumed to
be less extraverted and open and more agreeable,
conscientious and emotionally stable than young
authors. These findings point towards the annota-
tors forming a complex mental image of the author
when confronted with the arguments, rather than
envisioning an average or random person.
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Trait

Extraversion −0.08∗∗∗

Agreeableness 0.39∗∗∗

Conscientiousness 0.22∗∗∗

Emotional Stability 0.18∗∗∗

Openness 0.06∗∗

Table 1: Pearson correlation (r) between assumed author
traits and argument convincingness. Significance levels
∗∗p < .01, ∗∗∗p < .001

4.2 RQ 2: What perceived author properties
are associated with the individual
assessment of convincingness in
arguments?

We aim to investigate whether the author of a con-
vincing argument is imagined as having specific
personality traits. To address this question, we
compute Pearson correlations between argument
convincingness and the envisioned education level
and personality traits of the author.

We observe a statistically significant positive cor-
relation between convincingness and the author’s
perceived education level (Pearson’s r = 0.20). Ad-
ditionally, all personality traits show statistically
significant correlations with convincingness, most
of them positive, except for Extraversion. The cor-
relation results can be found in Table 1.

This leads us to the following conclusion: The
more convincing the argument a speaker is present-
ing, the more they are perceived to have a high
education, to be agreeable, conscientious and emo-
tionally stable. Openness and Extraversion play a
less important role, with less convincing arguments
associated with higher Extraversion.

4.3 RQ 3: How does annotator stance
influence the similarity of annotator and
envisioned author?

Overall similarity. To answer the question if the
annotators imagine the author to be similar to them-
selves we compare the education level and per-
sonality traits of the annotators with the values
they assigned to the author, by looking at average
values and Pearson correlation. We find that the
mean difference between the education levels of
annotator and speaker is −0.86, corresponding to
roughly one education level, and a Pearson correla-
tion of 0.23.

We find small but statistically significant correla-
tions between all personality traits of the annotator

Trait Agree Disagree

Extrav. −0.06∗ −0.13∗∗∗

Agreeabl. 0.20∗∗∗ 0.07∗

Conscient. 0.13∗∗∗ 0.05
E. Stab. 0.10∗∗∗ 0.02
Open. 0.06∗ 0.02

Table 2: Pearson correlation (r) between participant
traits and assumed author traits, by stance agreement.
Significance levels ∗∗p < .01, ∗∗∗p < .001

and the author, ranging from weakest −0.09 for
Extraversion to strongest 0.13 for Agreeableness.
This shows that while there are big differences
between single annotators, the properties of the
imagined author are not entirely determined by the
argument text but also to a significant degree by
the annotators themselves.

Stance Alignment. The ContArgA corpus pro-
vides both the stance of each argument (pro/con)
and the annotator’s own stance, enabling a com-
parison of aligned vs. opposing stance conditions.
We partition annotations accordingly and compute
correlations between annotators’ own education
level and personality traits and those attributed to
imagined authors.

We find that the assumed author education cor-
relates statistically significantly with the annotator
education in both cases, but is stronger when anno-
tator and argument agree (r = .28) then when they
disagree (r = .21). When looking at personality
traits (see Table 2) we see statistically significant
correlations for all traits when stances agree, with
the strongest correlation for Agreeableness. For
non-agreeing stances only Extraversion and Agree-
ableness show statistically significant correlations.
This shows that when a speaker agrees with the
presented argument they assume the author to be
similar to themselves, except for the trait of Ex-
traversion, where there is a negative correlation.

4.4 RQ 4: Does the variable of convincingness
help in modeling perceived author
personality?

The data set analysis shows that argument convinc-
ingness has a strong statistically significant influ-
ence on perceived author personality traits, with
higher correlations than stance alignment. For this
reason we examine the role of argument convinc-
ingness in modeling perceived author personality.
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Trait Gemma LLaMA 3.2 Mistral Mixtral RoBERTa Reg.

Rand Gold Rand Gold Rand Gold Rand Gold Gold

Extr. +0.13 +0.13 +0.33 +0.36 -0.27 -0.31 +0.36 +0.22 +0.008
Agree. +0.50 +0.50 +0.20 +0.36 -0.27 -0.29 +0.08 -0.55 +0.10
Consc. +0.02 +0.05 +0.34 +0.20 -0.08 -0.10 +0.13 -0.24 +0.04
E. Stab. +0.04 +0.04 -0.11 +0.04 +0.14 +0.14 +0.18 -0.28 +0.03
Open. +0.48 +0.45 -0.09 -0.11 +0.18 +0.17 -0.02 -0.32 +0.002

Table 3: Difference in Personality Trait Prediction Performance when Convincingness Signal is Added (avg
RMSE) Positive values (green) indicate improvement with the convincingness signal; negative values (red) indicate
worse performance. For LLMs we compare improvements with a random convincingness signal and the gold
convincingness signal. The RoBERTa model was trained and evaluated with the gold convincingness signal using
5-fold cross-validation. Absolute RMSE values are reported in Appendix C.

LLMs. We hypothesize that if LLMs mimic hu-
man assessments of an argument’s author, then
their predictions of the author’s Big Five person-
ality traits should improve when the annotator-
assigned convincingness value is provided. To test
this hypothesis, we use four different LLMs to an-
notate the arguments, using three prompting setups:
One providing the human-annotated convincing-
ness value with the prompt, one providing a ran-
dom number as convincingness score and one only
displaying the argument text without any convinc-
ingness information. We compute the root mean
square error (RMSE) of the predicted personality
trait values with the gold label provided by the
annotator. Results can be seen in Table 3.

We can see that adding the annotator-assigned
convincingness value to the prompt does not lead
to a consistent improvement in prediction quality
for Llama3.2, Mistral and Mixtral, worsening pre-
diction quality for some traits. While prediction
quality in Gemma is improved when the annotator-
assigned convincingness value is provided, the
same is also the case with a random value, sug-
gesting that maybe the mention of convincingness
as a keyword in the prompt leads the model to a
different performance rather than the value itself.

To determine whether the correlation between
convincingness values and specific personality trait
is present in the LLM predictions, we run the same
analyses as used for RQ3, computing the Peason
correlation between the convincingness value as-
signed to the argument by a human annotator and
the different LLM-predicted personality traits of
the author. We find that the LLMs do not repli-
cate the connection between higher convincingness
and higher Agreeableness, Conscientiousness and
Emotional Stability, showing no statistically sig-

nificant correlation between convincingness and
personality traits.

This can be seen as evidence that the tested
LLMs are not intrinsically capable of reproducing
this specific aspect of social meaning via zero-shot
prompting.

RoBERTa-based Model. In the RoBERTa-based
experiments, we evaluate whether incorporating
annotator-assigned convincingness as an input sig-
nal improves performance relative to a model that
omits this information, testing our hypothesis that
convincingness aids in modeling perceived author
personality. To do so we train both models and
perform 5-fold cross-validation. We compute the
root mean square error (RMSE) of the predicted
personality trait values with the gold label provided
by the annotator.

To test whether the differences between mod-
els’ performance are statistically significant we
use paired, instance-level resampling (Dror et al.,
2018). For each predicted personality trait value,
we compute RMSE for both models and form
paired differences. We then perform a non-
parametric paired bootstrap with 10,000 resam-
ples to estimate the sampling distribution of the
mean difference. The observed mean difference is
−0.0221, with a 95 percent confidence interval of
[−0.0301,−0.0141], indicating a reliable overall
advantage for the model that uses the subjective
convincingness information. On the level of spe-
cific personality traits, the convicingness-informed
model show statistically significant improvement in
the prediction of Extraversion, Agreeableness and
Openness. All results can be seen in Appendix B.

We find that unlike in the LLM prompting exper-
iment, the RoBERTa model using the convincing-
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ness signal performs better on the prediction of all
personality traits. While LLMs struggle to integrate
the convincingness signal when given in a prompt,
explicit integration of the signal in the RoBERTa-
based model architecture helps the model to make
use of the signal.

When computing the Peason correlation between
the convincingness value assigned to the argument
by a human annotator and the personality traits pre-
dicted by the RoBERTa-based model, we find that
the correlation is much higher than the correlation
in the human-annotated data, indicating that while
the model uses the signal, it overly relies on this
signal rather than learning other clues from text.

5 Discussion

Our results show that when annotators encounter an
argument with little context, they still form an im-
pression of the author of the argument. While these
impressions are not universal across all annotators,
there are nevertheless consistent trends: The ar-
gument’s convincingness and the perceived author
personality traits are correlated, with more convinc-
ing arguments being associated with a higher score
in personality traits like Agreeableness, Conscien-
tiousness and Emotional Stability.

This could be seen as a textual expression
of the Halo Effect known to social psychology
(Thorndike, 1920). The Halo Effect describes how
a single salient positive trait such as physical at-
tractiveness can create a favorable impression of a
person, which then shapes the overall perception of
their other qualities, such as assumed intelligence
or trustworthiness. In our case, instead of attrac-
tiveness, the convincingness of the argument could
influence the perception of the personality traits.
Previous work shows this effect in multi-modal
LLMs used for making hiring decisions (Kim et al.,
2025) and in the reproduction of body image stereo-
types by LLMs (Asad et al., 2025). While this phe-
nomenon is well known in psychology and taken
into account when designing studies, this is to our
knowledge the first study to show this phenomenon
in textual arguments and to use it in the design of a
computational model for author perception.

We also show that people perceive an author to
be more similar to themselves when they agree
with the stance of the argument. We find this to be
in line with social projection theory (Machunsky
et al., 2014). When faced with an argument and
very little other information about the author, the

annotator might place the imagined author as an
in-group or an out-group member based on stance
alignment, and therefore assign them more simi-
larity if stances match. This in turn can lead to a
different assessment of the information conveyed
in the text or in future interactions with the author,
e.g. finding statements more trustworthy because
they are perceived to originate from ones in-group.
While there is some previous work investigating
social projection in LLMs outputs (Sumita et al.,
2025), this topic seems less explored in NLP and
can offer an avenue for future work.

Lastly, we find that LLMs, at least in a zero-
shot prompting approach, do not necessarily mimic
these human behaviors. This points to the pos-
sibility that the tested light-weight models lack
the implicit social reasoning or contextual infer-
ence abilities required to reconstruct perceived au-
thor characteristics from argumentative text alone,
which is in line with previous works about the short-
comings of LLMs with regards to social reasoning
(Lauscher et al., 2022). We also show that this so-
cial knowledge can be learned, using a lightweight
approach that does not need adaptation of language
models but relies on a regression head on top of
fixed RoBERTa embeddings.

Our work may raise the question of desired
model behavior. Should LLMs or other models
that humans interact with represent envisioned au-
thor personality in line with their users? Previous
work shows that humans integrate author-specific
information when judging the convincingness of
arguments (Petty and Cacioppo, 1986), which sug-
gests that models approximating such judgments
may require mechanisms for representing this in-
formation.

In this work, the LLM experiments are not in-
tended to encourage anthropomorphic interpreta-
tions or to propose that models ought to construct
a stereotypical author profile. Instead, they serve
to probe whether current systems can use author-
related cues in a way that is informative for mod-
eling human assessments. This perspective frames
LLMs not as stand-ins for human annotators, but
as instruments for exploring how particular contex-
tual factors may or may not be captured compu-
tationally. Understanding the boundaries of these
capabilities is essential for designing methods that
reflect human argument evaluation.

Our findings have implications with regards to
the study of persuasion and misinformation spread
on social media, where readers encounter argu-
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ments on contentious topics without the ground-
ing of a personal relationship with an author or a
longer discourse to contextualize statements. Read-
ers are likely to construct their own mental models
of authors based solely on textual cues, which can
influence how persuasive they find an argument.
This may reinforce existing biases or in-group pref-
erences – a dynamic that plays a critical role in
the amplification of polarizing content online. We
therefore encourage the explicit modeling of social
phenomena like the Halo Effect and social projec-
tion theory in future work.

6 Conclusion and Future Work

In this paper we examine argumentative texts with
regards to the creation of social meaning, asking
wether the readers of arguments imagine an au-
thor of the argument and what factors influence the
properties of this envisioned author. Using statis-
tical analysis we find that readers do imagine an
author, showing that readers assign social roles and
qualities based on the text and that their judgments
in part reflect predominant demographic stereo-
types. We also show that the convincingness of an
argument is correlated with the envisioned author’s
education level and their personality traits, linking
more convincing arguments with more educated
and more agreeable and conscientious envisioned
authors. We also find that annotators envision au-
thors to be more similar to themselves if the stance
of the presented argument (for or against a certain
topic) aligns with the stance of the annotator.

Our work builds a connection to work in so-
cial psychology, where the Halo Effect is a well
described phenomenon. The correlation between
the convincingness of an argument and personality
traits assigned to the envisioned author of the ar-
gument can be seen as one expression of the Halo
Effect, where one perceived positive trait of a per-
son (in our case high convincingness) influences
the assessment of other unrelated traits. As to our
knowledge this is the first work to show this effect
in connection with argumentative text.

Future work should build on these findings by in-
tegrating them into models of argument and social
interaction, addressing the need for representations
of social meaning that are disentangled from de-
notational meaning. Ultimately, modeling social
meaning can enable language representations that
move beyond surface forms of text to capture the
nuances of different usage contexts.

7 Limitations

Our work is limited to the data presented in the
ContArgA corpus, which was created by annota-
tors from a relatively constrained geographic area
(the UK and Ireland). This limits the strength of
the deductions based on it. It also contains only
English language arguments. Despite these limita-
tions the ContArgA corpus is to our knowledge the
only corpus that examines envisioned author prop-
erties in the context of arguments, which makes it
the best option to answer our research questions.

Work in perspectivism calls for modeling of sin-
gle annotators, or a distribution of annotator judg-
ments rather than one gold label. When using con-
vincingness as a signal during modeling, we do so
in an unaggregated manner, using the convincing-
ness judgment of a single annotator as input and
evaluating model performance against that same
annotator’s gold labels. Nevertheless, we report
model performance averaged over all data points,
which could be seen as a break from perspectivist
modeling principles. Future work could be dedi-
cated to exmaining model performance for differ-
ent groups of annotators or as a distribution over
annotators.

8 Ethical Considerations

Central to this work is the ContArgA corpus, which
was collected prior to this work and is publicly
available data. The collection of the ContArgA
corpus was approved by the ethics boards, and con-
ducted via online crowdsourcing for which the an-
notators were payed and provided consent for the
usage of the data. The corpus does not contain any
data that would allow for personal identification.

A guiding question for ethical consideration is
who profits from our work and who is likely to get
harmed by intended or unintended uses of it. We
aim for this work to help in the modeling of social
interactions online, specifically when arguments
are encountered with little contextual information
about the author, e.g., in social media contexts.
Our findings can help to shine a light on the spread
of misinformation or the mechanics of radicaliza-
tion in online spaces. This can help to make these
spaces safer for all participants.

We do not attempt to predict ground truth per-
sonality traits of real people, which would be a vio-
lation of privacy if used without consent. We are
modeling what author readers imagine when they
read an argument. This knowledge can be used
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not only to study, but also to manipulate author
perceptions. When used with malicious intent this
knowledge could be used in the creation of convinc-
ing chatbots that exploit the connection between
stance alignment and perception of personality sim-
ilarity to manipulate people.

Lastly, AI assistance was used during the cre-
ation of this paper. We used GitHub Copilot 0.36.25

for coding and ChatGPT-46 for assistance with
LATEX formatting of tables and rephrasing of text
for clarity and grammatical correctness.
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A LLM prompt

Figure 3 shows the full prompt used in our LLM
experiments. It uses the same text as the text shown
to the human annotators during the creation of the
ContArgA corpus.

B Bootstrap Levels

Table 4 shows Bootstrap levels for all personality
traits for the RoBERTa-based models.

Trait 95% CI Low. 95% CI Up.
Extraversion −0.0141 −0.0072
Agreeableness −0.1060 −0.0617
Conscient. −0.0135 0.0169
Emot. Stability −0.0190 0.0057
Openness −0.0176 −0.0046

Table 4: Bootstrap 95% confidence intervals for the
difference in RMSE (∆ = RMSEA − RMSEB).
Negative values indicate better performance by the
convincingness-informed model. Intervals excluding
zero denote statistically significant differences.

C Full RMSE values for all tested LLMs

Table 5 shows all RMSE values for all tested sys-
tems.
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<|system|>
You are an expert human annotator. You must fill out the TIPI questionnaire.
Use ONLY numbers 1–7. If unsure, choose the closest valid number.
<|user|>
You are in a bustling town hall, a bright room with folding chairs and a low hum of conversation.
Posters line the walls, showcasing various perspectives on the issue at hand. A panel of speakers
sits at a long table in front, ready to listen as community members approach the podium. The
crowd is a mix of familiar faces, local officials, advocates, and reporters poised with cameras.
As the moderator calls for public comments, silence falls. Curious and skeptical eyes focus on
the podium as each speaker takes their turn.
{speaker_age} {speaker_gender} approaches the microphone and makes a statement: {argument}
You judge the convincingness of the statement on a scale from 1 (not convincing) to
5 (very convincing) as {convincingness}.

Here are a number of personality traits that may or may not apply to the person.
Please choose a number from 1 (Disagree strongly) to 7 (Agree strongly) to indicate the extent
to which you think the person would agree or disagree with that statement.
You should rate the extent to which the pair of traits applies to the person, even if one
characteristic applies more strongly than the other.

Answer in this format:
1. [rating]
2. [rating]
3. [rating]
4. [rating]
5. [rating]
6. [rating]
7. [rating]
8. [rating]
9. [rating]
10. [rating]

The person is extraverted, enthusiastic.
The person is critical, quarrelsome.
The person is dependable, self-disciplined.
The person is anxious, easily upset.
The person is open to new experiences, complex.
The person is reserved, quiet.
The person is sympathetic, warm.
The person is disorganized, careless.
The person is calm, emotionally stable.
The person is conventional, uncreative.

---
Important:
- Base your ratings only on the information given.
- Do not explain your ratings. Just output the numbers as shown above.

Figure 3: LLM prompt used for TIPI annotation.

Model Setting Extraversion Agreeableness Conscient. Emotional Stab. Opennness

Gemma With Conv 1.73 1.75 1.22 1.40 2.64
Gemma Random Conv 1.73 1.75 1.25 1.40 2.61
Gemma No Conv 1.86 2.25 1.27 1.44 3.09

LLaMA 3.2 With Conv 1.65 1.98 1.81 1.93 2.42
LLaMA 3.2 Random Conv 1.68 1.87 1.67 2.08 2.40
LLaMA 3.2 No Conv 2.01 2.07 2.01 1.97 2.31

Mistral No Conv 1.74 2.04 1.42 1.59 2.88
Mistral Random Conv 2.01 2.31 1.50 1.45 2.70
Mistral With Conv 2.05 2.33 1.52 1.45 2.71

Mixtral With Conv 1.25 2.52 1.74 1.97 2.51
Mixtral Random Conv 1.11 1.89 1.37 1.51 2.21
Mixtral No Conv 1.47 1.97 1.50 1.69 2.19

Table 5: RMSE by personality trait across models and settings.
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Abstract

Sarcasm detection, with its figurative nature,
poses unique challenges for affective systems
designed to perform sentiment analysis. While
these systems typically perform well at identi-
fying direct expressions of emotion, they strug-
gle with sarcasm’s inherent contradiction be-
tween literal and intended sentiment. Since
transformer-based language models (LMs) are
known for their efficient ability to capture con-
textual meanings, we propose a method that
leverages LMs and prototype-based networks,
enhanced by sentiment embeddings, to conduct
interpretable sarcasm detection. Our approach
is intrinsically interpretable without extra post-
hoc interpretability techniques. We test our
model on three public benchmark datasets and
show that our model outperforms the current
state-of-the-art. At the same time, the prototyp-
ical layer enhances the model’s inherent inter-
pretability by generating explanations through
similar examples in the reference time. Fur-
thermore, we demonstrate the effectiveness of
incongruity loss in the ablation study, which
we construct using sentiment prototypes.

1 Introduction

The task of automatically detecting sarcasm intro-
duces a complex challenge in natural language pro-
cessing (NLP). This nuanced task bridges the gap
between sentiment analysis and text interpretation,
highlighting the complexity of understanding and
analyzing sarcasm in written language (Ilavarasan
et al., 2020). Sarcasm, characterized by a sharp,
often humorous contrast between literal and in-
tended meanings of statements, poses unique diffi-
culties for computational models. These challenges
stem from sarcasm’s deep reliance on contextual
clues, tone, and common human experiences. This
complexity is further amplified in digital commu-
nication, where non-verbal cues are largely absent,
making it essential to develop advanced models

capable of interpreting such subtleties with high
accuracy.

Deep learning models, especially transformer-
based language models (LMs), have significantly
contributed to advancements in NLP, offering pow-
erful tools for sentiment analysis (Bu et al., 2024),
emotion detection (Tu et al., 2024), and, by ex-
tension, sarcasm detection (Helal et al., 2024).
More specifically, to study sarcasm detection, there
is a trend to leverage LMs and a variety of fea-
tures generated by different models to improve
prediction accuracy (Cai et al., 2019; Bedi et al.,
2021). However, a persistent critique of deep learn-
ing models is their “black-box” nature, which ob-
scures the decision-making process and hinders
their interpretability. Current approaches usually
adopt post-hoc interpretability methods Local In-
terpretable Model-agnostic Explanations (LIME)
(Ribeiro et al., 2016), and SHapley Additive ex-
Planations (SHAP) (Lundberg and Lee, 2017) or
attention mechanisms to explain a model’s deci-
sion (Ribeiro et al., 2016; Mardaoui and Garreau,
2021; Kumar et al., 2021b). However, those ex-
planations are still word-level and can only tell
which part of the input they are looking at. As for
sarcasm detection, when the text does not contain
words that convey strong sentiment and instead
uses other ways, such as analogy to express sar-
casm, the word-level explanations could set similar
weights to words in the sentence, and humans are
ill-equipped to interpret them.

To address this challenge, our paper presents
an intrinsically interpretable NLP framework that
integrates prototype classification networks (Li
et al., 2018) with multi-view of semantic embed-
ding and sentiment embedding from large-scale
pre-trained transformer language models. To the
best of our knowledge, our study is the first to ap-
ply a prototype-based network in sarcasm detection.
This is achieved through a unique training regimen
that enables the network to learn a collection of pro-
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totype tensors, which encapsulate latent clusters of
training samples. At the point of inference, the
model makes classification judgments solely based
on the similarity to these prototypes, allowing for
the model’s decisions to be transparently explained
by referencing the training examples most closely
aligned with the top-matched prototypes. Together
with a sentiment-prototype-based incongruity loss
that captures the difference between implicit and
explicit sentiment, our approach not only provides
clear, human-understandable explanations for its
predictions but also achieves state-of-the-art perfor-
mance. The key contributions of our methods can
be summarized as follows:

1. We propose a novel interpretable framework
for sarcasm detection. Our framework is built
upon a prototype-based network leveraging se-
mantic embedding and sentiment embedding
from pre-trained transformer-based language
models.

2. Extensive experiments on three public bench-
mark datasets show that our approach achieves
state-of-the-art performance while being inter-
pretable. We also conduct an ablation study
to analyze the influence of incongruity loss in
our model.

3. We conduct case studies to show that
our model can generate human-readable,
sentence-level explanations for the model’s
reasoning process at the reference time. Our
model and training code are available here:
https://github.com/social-nlp-lab/
Sarcasm-Detection.

2 Related Work

2.1 Contextual Sarcasm Detection

Initial research in sarcasm detection primarily re-
lied on simple lexical and syntactic features, and
the classifiers are categorized as Content-based
Models (Carvalho et al., 2009; Davidov et al., 2010;
González-Ibáñez et al., 2011), leveraging features
like n-grams, and part-of-speech tags (Riloff et al.,
2013; Tepperman et al., 2006; Tsur et al., 2010).

With the increase in the usage of sarcasm on
online platforms in recent years, the performance
of the sarcasm detection model is usually com-
promised in terms of robustness when faced with
texts plagued by grammatical inaccuracies (Švelch,

2015). Moreover, these texts are usually a se-
ries of posts and comments that are highly tem-
poral and contextual. As a result, relying solely
on linguistic cues has become inadequate, prompt-
ing researchers to develop Context-based Mod-
els. A prominent strand of this research involves
mining sentiment incongruity in sarcastic texts
with attention-machenism (Pan et al., 2020; Na-
jafabadi et al., 2024) to improve models’ perfor-
mance. Diverging from these methods, our ap-
proach adopts sentiment prototypes to discern both
implicit and explicit sentiments within texts, en-
hancing the interpretability of the reasoning pro-
cess. Furthermore, other scholars are exploring the
modeling of user interactions via Graph Convolu-
tional Networks (GCN) (Mohan et al., 2023) or
employing commonsense knowledge transformers
like COMET (Yu et al., 2023).

2.2 Explainability of Transformer Language
Models

Post hoc Interpretability: When leveraging
LM’s ability to understand context, the model’s
complexity prevents people from understanding
the model’s reasoning process. In the field of XAI,
post-hoc explainable approaches, such as LIME
(Ribeiro et al., 2016), and SHAP (Lundberg and
Lee, 2017), are used to generate explanations for
transformers’ results (Kumar et al., 2021a) through
analyzing weights for each input word represen-
tation. However, these methods are now facing
the challenge of being faithful and robust. Vari-
ous studies show the sensitivity of the models to
small perturbations in the target model’s inputs or
parameters (Ivankay et al., 2022; Mardaoui and
Garreau, 2021). Other researchers, such as Akula
and Garibay (2021) and Rishabh Misra and Prahal
Arora (2018), have explored the use of attention
mechanisms to interpret prediction outcomes, fo-
cusing on how attention scores are allocated across
individual words. However, these explanations re-
main at the word level, indicating only which parts
of the input the model attends to. In the context
of sarcasm detection, where sarcasm may be con-
veyed through mechanisms such as analogy rather
than explicit sentiment, word-level explanations
can assign similar weights to different words in a
sentence. This makes it challenging for humans
to interpret the underlying sarcastic intent effec-
tively. To address this, we aim for more intuitive
and sparse explanations: well-descriptive but short-
sequence prototypes.
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Prototype-based Reasoning in Deep Neural Net-
works: Prototype-based methods emphasize that
visualizing the reasoning process through proto-
types can significantly improve the intuitiveness of
interpretation. This approach, leveraging prototype-
based reasoning, has been a core aspect of inter-
pretability in classical models for decades, as evi-
denced by research from Cupello and Mishelevich
(1988), Fikes and Kehler (1985), and Kim et al.
(2015). A pioneering example of incorporating pro-
totypical learning into deep neural networks is the
work by Chen et al. (2019), who introduced a novel
neural network design for image classification. By
inserting a prototype layer following the convolu-
tional layers, the model compares convolution re-
sponses across different locations in the predicted
image with predefined prototypes. Furthermore,
this allows users to grasp why an image is classi-
fied in a certain way, such as understanding why
a bird is identified as a ‘red-bellied woodpecker’
due to its distinct red belly and head, along with
black and white wing stripes. Following this work,
researchers explored incorporating prototype layer
with transformer-based encoders, such as Univer-
sal Sentence Encoder, BERT, BART (Bidirectional
and Auto-Regressive Transformers) in fake news
detection and hotel review classification (Das et al.,
2022; Hong et al., 2024; Wen, 2024). Sarcasm, due
to its nature, can benefit from such reasoning pro-
vided by prototype-based models. However, this
approach is still underexplored.

3 Methodology

Our approach, as shown in Figure 1, first encodes
semantic embedding and sentiment embedding
with the Semantic View encoder and the Sentiment
View encoder separately, and then both the encoded
semantic embedding and sentiment embedding are
fed into two separate prototype layers. Finally, the
output distance vectors from the two prototype lay-
ers are concatenated and sent to the output layer to
make the prediction.

3.1 Semantic View

The Semantic View focuses on capturing contex-
tual meanings from text input. We use pre-trained
language models (LMs) from Hugging Face (Wolf
et al., 2020) as encoders to extract sentence-level
embeddings. When the input comment has ancestor
posts (e.g., SARC Dataset by Khodak et al. (2018)),
which help set up the stage for the conversation and

provide more context information, we concatenate
the nearest ancestor with the comment as a whole
and encode the embeddings with a pre-trained lan-
guage model (e.g. Sentence-BERT (SBERT) by
Reimers and Gurevych, 2019, RoBERTa by Liu
et al., 2019b).

ect = Encoder(x) (1)

where x denotes the input text, ect is the semantic
information representation vector.

3.2 Sentiment View

For sentiment feature extraction, we decompose
the text into two parts: Explicit Part, which are
sentiment words extracted following (Joshi et al.,
2015), and Implicit Part, which is the rest of the
text capturing the implicit sentiments.

Both segments are processed through the Sen-
timent Encoder, specifically the SiEBERT model
(Hartmann et al., 2023), to separately obtain the
vector representations est,ep and est,ip of the CLS
token from the final hidden state. For brevity, we
use est to represent both of them in the following
equation:

est = SiEBERT(x) (2)

where x denotes the input text, est is the senti-
ment information representation vector. The ex-
plicit representation est,ep is labeled as zst,ep with
SiEBERT. The implicit representation est,ip is la-
beled as zst,ip identically to zst,ep for non-sarcastic
inputs, whereas it is labeled oppositely for sarcastic
inputs.

Fallback Strategy The implementation incorpo-
rates a fallback strategy for cases where no ex-
plicit sentiment cues are identified in the input text.
Specifically, when the sentiment word detector re-
turns an empty set, a predefined neutral-to-positive
sentiment token sequence is used as a surrogate
explicit sentiment representation. This surrogate in-
put is encoded using SiEBERT following the same
preprocessing and inference pipeline applied to
detected sentiment words, ensuring architectural
consistency.

3.3 Prototypical Layer

As shown in Figure 1, after the input is encoded
into a latent semantic representation ect ∈ Rds

through Semantic View and two latent sentiment
representation est,ep ∈ Rdm , est,ip ∈ Rdm through
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Figure 1: Diagram of the proposed model architecture and workflow.

Sentiment View separately, each representation is
fed into a prototype layer respectively.

Semantic Prototype: The Semantic Prototype
Layer consists of ka prototypes Pct = {pct

j }kaj=1,
where pct

j ∈ Rds , the same dimension of the en-
coded latent semantic feature ect. Each prototype,
represented as a tensor, encapsulates a cluster of
training examples. To ensure that both sarcastic and
non-sarcastic classes are effectively represented by
the learned prototypes, we allocate a fixed num-
ber of prototypes to each class. Utilizing k-means
clustering (Hartigan and Wong, 1979), we segment
the training data of each class into multiple clus-
ters and subsequently initialize the prototypes for
each class with these cluster centers. These proto-
types are trained through loss terms Lct

cls and Lct
sep

defined in §3.5. This layer calculates the similar-
ity between embedding ect and each prototype pct

j

with a Radial basis function (RDF) kernel function
as follows:

sim(ect,pct
j ) = exp

(
−
∥ect − pct

j ∥22 + ε

σ2

)

(3)
This similarity score increases monotonically

as the Euclidean distance increases. σ is a user-
specified value that determines how quickly the
similarity score increases as the distance between
ect and pct

j decreases. A small σ makes the ker-
nel function more sensitive to changes in distance,
leading to a kernel matrix with more localized in-
formation about the data points. This can make the
model more sensitive to noise in the data. A large

σ, on the other hand, produces a smoother kernel
function that is less sensitive to the exact distance
between data points, potentially making the model
more robust. We also add a small value ε set as
1e − 4 for numerical stability. We get vector wct

by calculating the similarity score between ect and
each prototype vector within Pct.

Sentiment Prototype Layer: The Sentiment Pro-
totype Layer comprises kb prototypes Pst =
{pst

j }kbj=1, where pst
j ∈ Rdm . These prototypes are

categorized into positive prototypes where pst ∈
Pst

1 and negative prototypes where pst ∈ Pst
0 . We

initialize Pst
1 using the k-means cluster centers

computed from the positive training data labeled
by SiEBERT and Pst

0 using those derived from
the negative training data. When clustering, we
only use non-sarcastic training samples, without
dividing the text into implicit and explicit parts.

We calculate the similarity between embedding
est and each prototype pst

j as follows:

sim(est,pst
j ) = exp

(
−
∥est − pst

j ∥22 + ε

σ2

)

(4)
We calculate similarity scores for the explicit and

implicit representations, est,ep and est,ip, against
each prototype vector within Pst, yielding the sim-
ilarity vectors wst,ep and wst,ip, respectively.

3.4 Output Layer

The output layer is a fully connected layer followed
by a sigmoid layer. It takes the concatenation of the
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extracted similarity vectors wct,wst,ep and wst,ip

from prototype layers as input and predict the like-
lihood of a text being sarcastic.

We intentionally employ concatenation to fuse
these representations in order to preserve the in-
dependence of prototype similarity vectors, which
is essential for interpretability in prototype-based
models, as it allows direct attribution of the final
prediction to individual semantic or sentiment pro-
totypes. More complex fusion mechanisms, such
as cross-attention or gating, may introduce stronger
interactions but would entangle prototype signals
and obscure their individual contributions. Interac-
tions between explicit and implicit sentiment are
therefore not modeled at the fusion layer; instead,
they are explicitly captured by the incongruity loss
(Eq. 12), which encourages disagreement between
explicit and implicit sentiment predictions for sar-
castic inputs.

3.5 Loss and Training Algorithm

We construct the loss function with four different
terms to ensure both accuracy and interpretability.

Accuracy Loss: The first term is accuracy loss,
and it uses cross-entropy loss to optimize the pre-
dictive power of the network. In equation 5, f is
the output classifier, Pi is the predicted probability
distribution, yi is the label, and n is the total num-
ber of training data points. θ refers to the trainable
weights in the classifier.

Pi = f([wct
i ,w

st,ep
i ,wst,ip

i ]) (5)

Lacc = − 1

n

n∑

i=1

yi logP (Pi = yi|xi; θ) (6)

Division Loss: To distribute prototypes in the
embedding space as much as possible, we design
the Ldiv indicated in equation 7 for both semantic
and sentiment prototypes. This loss uses cosine
similarity to measure the difference between any
two prototypes pm and pn in P and penalizes it if
their similarity is larger than λ. It is particularly
beneficial when there are multiple prototypes for
a single class, as it promotes the representation of
diverse aspects of that class.

Ldiv =
∑

pj ,pq∈P,j ̸=q

max(0, cos(pj ,pq)−λ) (7)

Clustering and Seperation Loss: The cluster-
ing loss Lcls and Lsep are inspired by previous
work, ProtoPNet (Chen et al., 2019). The cluster-
ing loss Lcls ensures each embedding is close to at
least one prototype in its own class, and separation
loss Lsep encourages each embedding to be distant
from prototypes not of its class. Together, Lcls and
Lsep push each prototype to focus more on training
examples from the same class and less on training
examples from other classes.

For semantic prototypes, they are defined as
follows:

Lct
cls =

1

n

n∑

i=1

min
pct
j ∈Pct

yi

∥ecti − pct
j ∥22 (8)

Lct
sep = − 1

n

n∑

i=1

min
pct
j /∈Pct

yi

∥ecti − pct
j ∥22 (9)

For sentiment prototypes, we promote proxim-
ity between positive prototypes and training data
segments labeled positive (zi = 1) by SiEBERT,
and likewise align negative prototypes with training
data segments labeled negative (zi = 0) through
losses defined as follows:

Lst
cls =

1

n

n∑

i=1

min
pst
j ∈Pst

zi

∥esti − pst
j ∥22 (10)

Lst
sep = − 1

n

n∑

i=1

min
pst
j /∈Pst

zi

∥esti − pst
j ∥22 (11)

The final Clustering and Separation Loss is
Lcls_sep = Lct

cls + Lct
sep + Lst

cls + Lst
sep

Incongruity Loss: We hypothesize the presence
of incongruity between the explicit and implicit sen-
timents within a sarcastic comment. For instance,
in the sarcastically labeled sentence, “Oh no, a
rainy day again! This is great!” the explicit senti-
ment conveyed by the word “great” appears posi-
tive. However, upon closer examination of the con-
text, it becomes evident that the speaker does not
favor rainy days, revealing an underlying negative
sentiment. Based on this observation, we introduce
the incongruity loss defined with cross-entropy to
effectively capture this disparity between explicit
and implicit sentiment:
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Linco =− 1

n

n∑

i=1

(
zepi logP (h(wst,ep

i ) = zepi |θ)

+zipi logP (h(wst,ip
i ) = zipi |θ)

)

(12)

where h is a MLP based classifier that predicts a
probability distribution.

We construct the final loss function L by combin-
ing the previously defined loss components, each
weighted by their respective coefficient λ. Addi-
tionally, we incorporate an L1 regularization term
∥θ∥ to promote sparsity in the weights of the output
layer. The final loss L is defined as follows:

L = Lacc+λ1Ldiv+λ2Lcls_sep+λ3Linco+λ4∥θ∥
(13)

3.6 Prototype Projection
For improved interpretability, we visualize the se-
mantic prototypes by projecting a prototype vector
onto its closest datapoint in the training dataset,
measured by Euclidean distance. For the large
training dataset with over 120k comments, we did a
random pre-sampling of one-tenth of the comments
for computation efficiency. Each prototype’s em-
bedding is replaced with the nearest comment’s em-
bedding in the training data point. The alignment
of prototypes with training set samples provides an
intuitive and easily understandable interpretation
for humans.

3.7 Prototype Initialization
We use k-means cluster centers on the training data
to initialize prototypes, with a fixed small num-
ber of prototypes per class (20). We observed the
model to be robust to prototype counts within a
reasonable range; extremely small counts reduce
coverage, and extremely large counts increase re-
dundancy but yield similar performance due to the
division loss.

4 Experimental Setup

In this section, we introduce the datasets used in
the experiment and the baseline models.

4.1 Data
We evaluate our methods on the following three
public benchmark datasets: (1) SARC 2.0 1 (Kho-

1Link: https://nlp.cs.princeton.edu/old/SARC/2.0/

dak et al., 2018), a corpus comprising 1.3 mil-
lion comments on Reddit. Each comment is self-
annotated, and we focus on the primary main bal-
anced variation of it, with 118,940 comments in
training and 56,118 comments in the testing set. (2)
Twitter (Riloff et al., 2013) dataset is sourced from
the Twitter platform. Sarcastic tweets are identified
using the hashtag #sarcasm, while non-sarcastic
tweets lack this hashtag. The dataset consists of
1,368 training examples and 588 test examples.
(3) Sarcasm Corpus V2 Dialogues (Oraby et al.,
2017) is a diverse and richly annotated corpus of
sarcasm in dialogue. This dataset is collected from
a variety of dialogue sources to capture sarcasm in
different conversational contexts, moving beyond
traditional social media platforms like Twitter.

4.2 Models and Settings

We employed 5-fold cross-validation to evaluate
our model’s performance and fine-tuned the hyper-
parameters on the validation data. The Optimizer
for all neural networks is Adam, and the learning
rate is 1e− 4. We used one single GTX 3090 for
each model’s training, and due to the limitation
of GPU RAM, when training with LM encoders,
we chose a batch size of 60 and an accumulated
gradient step of 30. We use early stopping (Fomin
et al., 2020) based on the loss of validation data.

Semantic Encoder: In prototype-based archi-
tectures, it is a common practice to use Euclidean
distance to measure sentence similarity between
training examples and prototypes. However, em-
beddings from transformer-based language models
are not typically trained with contrastive loss that
leverages Euclidean distance for measuring sen-
tence similarity. To further explore whether this
influences the model’s interpretability, we selected
RoBERTa-large and SBERT as the encoders for
comparison in our experiments:

(1) RoBERTa-large: RoBERTa-large is a
transformer-based language model developed to
improve upon the BERT architecture. We used the
[CLS] token embedding from the last hidden states
directly for the downstream task.

(2) SBERT: SBERT is post-trained on BERT.
It uses siamese and triplet network structures to
derive semantically meaningful sentence embed-
dings that can be compared using cosine similarity.
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We used the pre-trained model all-mpnet-base-v2 2

developed by Microsoft from Hugging Face.

Sentiment Encoder: For sentiment feature ex-
traction, we employed the SiEBERT model (Hart-
mann et al., 2023), which is a fine-tuned version of
the RoBERTa-large model optimized for sentiment
classification tasks.

Baseline : For comparative evaluation with our
approach, we selected the following methodolo-
gies as baselines: Fracking Sarcasm (Ghosh and
Veale, 2016), GRNN (Zhang et al., 2016), CNN-
LSTM-DNN (Ghosh and Veale, 2016), SIRAN
(Tay et al., 2018), MIRAN (Tay et al., 2018),
ELMo-BiLSTM (Ilic et al., 2018), A2Text-Net (Liu
et al., 2019a), SARC 2.0 (Khodak et al., 2018), and
CASCADE (Hazarika et al., 2018). Additionally,
we incorporated GRU-Attention model (Akula and
Garibay, 2021), which offers intrinsic interpretabil-
ity through attention scores. We further considered
a graph-based method, BERT-GCN (Mohan et al.,
2023), alongside ensemble strategies such as Fuzzy-
Logic (Dai, 2024) and MULE (Vitman et al., 2023).
BiGRU (Najafabadi et al., 2024) is included for its
ability to measure sentiment incongruity.

Metrics: We used accuracy, recall, and F1-Score
as metrics to evaluate models’ performance. Since
we use 5-fold cross-validation, we calculated the
average of 5 experiment results on the test dataset
for each metric as the final result.

5 Results & Discussion

We mainly focus on answering the two questions
through our experiments: Q1: What is the per-
formance of our white box framework compared
to other baselines, and Q2: How well does the
given explanation represent the true reasoning of
the model? We discuss them separately in the fol-
lowing sections.

5.1 Overall Performance
We represent our experiments on three public
benchmark datasets in Table 2, Table 3, and Ta-
ble 5 separately. Overall, our model achieved the
highest accuracy, recall, and F1 scores on the Sar-
casm Corpus V2 and SARC datasets, outperform-
ing all other baselines. On the Twitter dataset, our
model obtained the best accuracy and F1, while

2The model can be downloaded here:
https://huggingface.co/sentence-transformers/all-mpnet-
base-v2

Models Accuracy Recall F1
Fracking Sarcasm 89.2 87.9 88.1
GRNN 66.4 64.7 65.4
ELMo-BiLSTM 76.2 75.0 75.9
ELMo-BiLSTM FULL 77.4 73.5 75.3
ELMo-BiLSTM AUG 68.6 70.8 69.4
A2Text-Net 91.3 91.0 90.0
GRU-Attention 97.9 99.6 98.7
BERT-GCN 88.3 87.1 87.3
MULE 93.5 94.1 93.8
Our Model (SBERT) 98.0 97.3 98.7
Our Model (RoBERTa) 98.3 98.6 98.4

Table 2: Results on Twitter dataset.

Models Accuracy Recall F1
GRNN 64.4 61.8 61.2
CNN-LSTM-DNN 67.3 66.7 65.7
SIARN 71.9 71.8 71.8
MIARN 74.2 72.9 72.7
ELMo-BiLSTM 74.6 74.7 74.7
ELMo-BiLSTM FULL 76.2 76.0 76.0
GRU-Attention 77.3 77.2 77.2
BiGRU 79.3 81.4 80.2
Fuzzy-Logic 81.8 80.3 81.0
Our Model (SBERT) 82.1 82.5 82.4
Our Model (RoBERTa) 83.6 83.7 83.6

Table 3: Results on Sarcasm Corpus V2 Dialogues
dataset

GRU-Attention yielded the best recall. Addition-
ally, to compare our approach with CASCADE on
the SARC dataset, we incorporated personality fea-
tures into our model. Of the two versions of our
model, the one using a RoBERTa encoder generally
outperformed its SBERT-based counterpart.

5.2 Case Study for Explanations

In Table 1, we present trained semantic prototypes
after projection and the distance score between pro-
totypes and the input comment. The prototypes
exhibit a similar topic as the input text, and the key-
words are highlighted in yellow by humans for easy
illustration (The highlighted words in Table 1 were
only meant for reader guidance to aid comparison).
For instance, in Case 1, the SBERT prototypes
consist of comments skeptical of the efficacy of
specific government regulations on cigarettes, and
drugs, showing significant overlap with the input
comments—a pattern that is also observed in Case
2. Our case study demonstrates that prototype-
based models provide more intuitive and human-
readable explanations for sarcasm than analyzing a
distribution of scores, especially in the absence of
strong sarcasm cue words.

When comparing the explanations generated by
SBERT and RoBERTa, we did not see a significant
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Table 1: Case examples of input texts, semantic prototypes of SBERT and RoBERTa after projection, and the
Euclidean distance score between the prototype embeddings and input sentence vector. Note: The highlighted
words are only meant for reader guidance and were manually annotated by us to aid comparison.

w w/o

Acc. Rec. F1 Acc. Rec. F1
Twitter 98.3 (+1.1%) 98.6 (-0.1%) 98.4 (+0.9%) 97.2 98.7 97.5
Dialogues 83.6 (+1.7%) 83.7(+1.3%) 83.6 (+1.3%) 82.2 82.6 82.5
SARC 82.4 (+2.2%) 85.8 (+2.4%) 83.0 (+2.9%) 80.2 83.4 81.1

Table 4: Ablation study on the effect of incongruity loss, where ‘w’ denotes models trained with incongruity loss,
and ‘w/o’ refers to models trained without it. The percentage reflects the variation in performance when training
with incongruity loss compared to training without it.

Models Accuracy Recall F1
CASCADE 77.0 84.0 77.0
SARC 2.0 75.0 - 76.0
ELMo-BiLSTM 72.0 - -
ELMo-BiLSTM FULL 76.0 76.0
GRU-Attention 81.0 82.1 81.0
BiGRU 69.4 68.6 69.0
MULE 75.2 83.8 80.1
Our Model (SBERT) 80.1 86.2 82.2
Our Model (RoBERTa) 82.4 85.8 83.0

Table 5: Results on Reddit dataset SARC 2.0

Method Twitter Dialogues SARC
Ect 97.3 82.7 81.02
Ect + Est (w/o Linco) 97.5 82.5 81.1
Ect + Est (with Linco) 98.4 83.6 83.0

Table 6: Ablation study on different modules

difference between them, indicating that although,
unlike SBERT, RoBERTa is not additionally trained
to represent semantic similarity, it still works well
with the prototype structure.
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5.3 Ablation Study
To fully evaluate our model, we conducted an ab-
lation study evaluating the influence of our Incon-
gruity Loss. We experimented with and without
the incongruity loss with the RoBERTa encoder on
all three datasets and the result is shown in Table 4.

Upon analyzing the results for the Dialogues and
SARC datasets, we observed performance improve-
ments ranging from -0.1% to 2.9% when training
model with incongruity loss, with SARC dataset
showing a particularly notable increase of over 2%
on recall, accuracy, and F1. In contrast, the Twitter
dataset demonstrated minimal improvement. We
hypothesize that this is due to the already high
baseline performance on the Twitter dataset, which
constrains the extent of further performance gains.

We further perform an ablation study to examine
the effect of incorporating the sentiment encoder
module in addition to the semantic encoder. The
corresponding F1 scores are presented in Table 6.
Without the incongruity loss, adding the sentiment
encoder yields a comparable F1 score to using only
the semantic encoder. However, when the incon-
gruity loss is introduced, the model’s performance
improves substantially, achieving up to a 2.9% in-
crease in F1.

6 Conclusion

We proposed a novel approach that leverages state-
of-the-art LM encoders and prototype-based net-
works to build an intrinsically interpretable model
for sarcasm detection. Our approach achieved state-
of-the-art performance on three public benchmark
datasets. By representing prototypes with the clos-
est training sentences, our method can explain
sarcasm detection with sentence-level, human-
readable explanations.

7 Limitation

Our data primarily comes from English-speaking
populations from specific platforms, which may not
be generalizable. Also, our work does not provide
examples to show reasoning with sentiment proto-
types. Future research could investigate generating
explanations by analyzing the attention scores as-
sociated with both negative and positive sentiment
prototypes.

8 Ethics Statement

The development and deployment of sarcasm de-
tection models present several ethical considera-

tions. First, our study recognizes the potential bi-
ases inherent in training data, particularly those
that stem from subjective interpretations of sar-
casm across different linguistic, cultural, and social
contexts. We used three different datasets from
diverse platforms to ensure generalizability. In
addition, while our prototype-based explainability
framework enhances interpretability, we stress that
sarcasm detection remains an inherently complex
and nuanced task. We encourage the responsible
use of our model to enhance human understand-
ing rather than replace human judgment in sensi-
tive contexts. Therefore, we do not recommend
over-reliance on automated sarcasm detection in
complex tasks and advocate for human oversight
in critical decision-making processes. Moreover,
we are committed to transparency in our research
by making our model and code publicly available
to foster reproducibility. We also adhere to ethical
guidelines and ensure that all datasets used in this
study comply with proper licensing.
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Abstract

Automated Fact-Checking (AFC) relies on
claim extraction as a first step, yet existing
methods largely overlook the multimodal na-
ture of today’s misinformation. Social media
posts often combine short, informal text with
images such as memes, screenshots, and photos,
creating challenges that differ from both text-
only claim extraction and well-studied multi-
modal tasks like image captioning or visual
question answering. In this work, we present
the first benchmark for multimodal claim ex-
traction from social media, consisting of posts
containing text and one or more images, anno-
tated with gold-standard claims derived from
real-world fact-checkers. We evaluate state-
of-the-art multimodal LLMs (MLLMs) under
a three-part evaluation framework (semantic
alignment, faithfulness, and decontextualiza-
tion) and find that baseline MLLMs struggle
to model rhetorical intent and contextual cues.
To address this, we introduce MICE, an intent-
aware framework which shows improvements
in intent-critical cases.1

1 Introduction

The spread of misinformation on social media is
increasingly multimodal, amplifying both its credi-
bility and viral reach (Akhtar et al., 2023). Recent
studies estimate that over one-third of debunked
claims involve both text and images, highlighting
the need for automated systems capable of rea-
soning across modalities (Zeng et al., 2024; Van
Der Meer et al., 2025). This shift has motivated
interest in multimodal fact-checking (Alam et al.,
2025), where prior work has primarily focused on
claim detection (Cheema et al., 2022) and verifica-
tion (Yao et al., 2023; Braun et al., 2025). How-

∗This work was partially done during Joycelyn’s research
visit at Cambridge.

1The MMCE dataset is available at https:
//huggingface.co/datasets/joycelynt/MMCE, and
the code can be accessed at https://github.com/jt9080/
MMCE-Paper.
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@JoeBiden’s @WhiteHouse and being 
supported by @SenSchumer @SpeakerPelosi 
and the @TheDemocrats @HouseDemocrats 
@SenateDems
 
Who is going to financially support these 
people? The American taxpayer! I don’t give a 
damn what party you are in, this is fucking 
wrong!

Post

Post

Post

MLLM Baseline

The image shows Kim Gun-hee at a formal event with 
people in traditional Arab attire, with her posture and facial 
expression suggesting disinterest or boredom.

MICE

Image shows South Korean first lady asleep during her 
husband's speech.

Human Fact Checkers

Brazil Independence Day Q Shaman was less cool than the 
US January 6th version.

MLLM Baseline

The Brazil Independence Day protest on September 7, 2021, 
included a 'Q Shaman' figure, similar to the one present at the 
January 6th US Capitol attack.

MICE

A Brazilian QAnon shaman was spotted at Brazil congress 
invasion

Human Fact Checkers

The Biden administration is authorizing an invasion of the 
US and is being supported by Schumer, Pelosi, and the 
Democrats.

MLLM Baseline

The image shows a large group of people crossing a bridge 
into the US, which <poster_usernamee> claims is an 
invasion authorized by Joe Biden and supported by other 
Democrats.

MICE

A photograph authentically showed a crowd of migrants 
invading the U.S. border in May 2023.

Human Fact Checkers

Figure 1: Examples of claim extraction from the MMCE
dataset illustrating how baseline MLLMs (with in-
context learning) underperform on intent-heavy mul-
timodal posts. These cases highlight situations where
structured reasoning (MICE) can help, but they are not
representative of our dataset as a whole.

ever, multimodal claim extraction remains largely
unexplored, despite being a crucial step in the fact-
checking process (Hassan et al., 2015).

Extracting claims from multimodal content is
challenging as systems must interpret informal lan-
guage which often contains errors, integrate com-
plementary or contradictory signals from images,
and remove irrelevant context while preserving the
factual core of a post (Wang et al., 2025). Figure 1
shows examples in which the Gemini 2.0 Flash
baseline fails to capture these nuances, as it tends
to extract the claim literally as the text states or the
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image depicts, rather than inferring any underlying
implication or context about the scenario.

To address this gap, in this paper, we make the
following contributions:

1. We introduce MMCE (MultiModal Claim Ex-
traction for fact checking), a new real-world
benchmark dataset of 732 social media image-
text posts paired with gold-standard claims,
derived from fact-checking sources.

2. We introduce a scalable three-part evalua-
tion framework for multimodal claim extrac-
tion, measuring semantic alignment with a
manually annotated claim, faithfulness to the
source, and decontextualization (i.e. whether
a claim contains all necessary contextual in-
formation).

3. We provide a systematic study of MLLMs
for claim extraction, showing that while they
capture surface information, they often miss
rhetorical intent and contextual cues.

4. We introduce the Multimodal Intent-aware
Claim Extraction framework (MICE), which
is a practical framework that combines vision-
based semantic analysis with MLLMs to per-
form intent- and context-aware claim extrac-
tion. MICE breaks down the claim extrac-
tion process, extracting visual information and
modeling underlying intent and context before
performing claim extraction, so that implicit
claims can be surfaced rather than literal de-
scriptions. Our analysis shows that MICE can
act as a mitigation strategy for MLLMs when
handling high-nuance, intent-critical claims.

2 MMCE (Multimodal Claim Extraction)

Dataset We construct MMCE using post-claim
pairs extracted from AVerImaTeC, a recently pro-
posed dataset for real-world image-text claim veri-
fication based on data from fact-checking organiza-
tions (Cao et al., 2025). The dataset focuses on out-
of-context (OOC) image-text claims because re-
cent studies had observed that context-manipulated
claims are the most common type of media-based
misinformation (Dufour et al., 2024). Additionally,
extraction for OOC claims is the most different
from traditional vision-language tasks, such as im-
age captioning, where the image and the text align.
The task deviates from the pre-training objectives
of MLLMs, presenting a significant challenge.

Each post-claim pair in the dataset consists of
the original text and image(s) from the social media
post, as well as the extracted claim from the corre-
sponding fact-checking article. To do this, we first
filter out data without links to the original social
media posts, as well as data with claims that do not
originate from social media sites. Next, we retrieve
the source text directly from the linked social me-
dia posts. The final dataset contains 732 real-world
post–claim pairs.2

For our experiment, we also curated a subset of
50 intent-critical claim examples that represent the
failure modes that MICE is engineered to mitigate,
to further analyze the utility of the intent-aware
approach.

Evaluation In evaluating multimodal claim ex-
traction, our goal is to go beyond simple similarity
with a gold reference and instead capture multiple
aspects of claim quality that matter for downstream
verification in practice. Thus, we draw on the
insights from previous work, which demonstrate
that LLMs can serve as effective evaluators, offer-
ing scalable, consistent, and context-sensitive judg-
ments (Liu et al., 2023; Fu et al., 2024; Muhamed,
2025; Es et al., 2024). Moreover, existing work on
the evaluation of text-only claim extraction goes
beyond evaluating similarity, but also considers
faithfulness to and coverage of the original content,
as well as whether the claim contains all necessary
contextual information (Metropolitansky and Lar-
son, 2025; Ullrich et al., 2025; Deng et al., 2024).
These more comprehensive evaluation protocols
provide a fuller picture of how well an extraction
system supports downstream verification.

Motivated by these insights, we adopt an evalu-
ation scheme consisting of both reference-based
and reference-free metrics: (1) Reference-based
evaluation uses an LLM to judge the degree of
semantic alignment between the generated claim
and the gold reference claim; (2) Entailment eval-
uation measures the extent to which the generated
claim is faithful to the original social media post
from which it was derived, while assuming that
the post is true; (3) Decontextualization evaluation
determines whether the extracted claim is inter-
pretable as a stand-alone factual statement, without
requiring additional context.

Our choice of model for evaluation is informed
by previous studies, which have shown that Gemini

2The final dataset includes 618 train / 114 dev pairs from
AVerImaTeC; the original test split was not publicly available.
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Intent: To compare and contrast the Brazil Independence Day 
protests with the January 6th United States Capitol attack, …
Tone: Sarcastic and dismissive, …
Context: The post refers to two specific events: Brazil's 
Independence Day protests on September 7, 2021, and the January 
6, 2021 attack on the US Capitol … 'Q Shaman' (Jake Angeli), a 
prominent figure in the January 6th attack … right-wing populism 
or political extremism….
Visual Context: The images show two individuals dressed in 
similar costumes…Jake Angeli, the 'Q Shaman'... a person dressed 
in a similar fashion, but with Brazilian colors and symbols…

Captions: A man with horns and a flag holding a megaphone, …
Tags: Man, Costume, Parade, Megaphone, …
OCR: N/A

                    Vision API

           Contextual Breakdown

Claim: The Brazil Independence Day protest on September 7, 
2021, included a 'Q Shaman' figure, similar to the one present at the 
January 6th US Capitol attack.

                Claim Extraction

Brazil Independence Day batshit crazy Q Shaman less cool than US 
1/6 version.

Social Media Post

Figure 2: Overview of the MICE framework, which
leverages visual understanding tools and MLLMs to
reason across modalities.

models correlate relatively more with human as-
sessments compared to other models (Akhtar et al.,
2025; Gu et al., 2025). As such, we use Gemini 2.5
Flash Lite as a judge.

3 MICE (Multimodal Intent-aware Claim
Extraction)

We introduce MICE, a novel approach for extract-
ing factual claims from social media posts. While
baseline MLLMs can produce fluent claim outputs,
our analysis shows that they often interpret text
and image content too literally without inferring
underlying intent and miss contextual or rhetorical
cues. To address these shortcomings, MICE first
extracts visual semantics from the image of the so-
cial media post to improve visual understanding,
which is an approach supported by previous work
showing that combining vision APIs with LLMs is
effective for multimodal reasoning (Khademi et al.,

2023). Next, MICE employs a contextual break-
down module to model intent, tone, and situational
context, before integrating all signals to generate
concise and accurate factual claims. The overall
architecture is illustrated in Figure 2.

Vision API Given an image-text social media
post, we first apply the off-the-shelf Azure Vision
API to obtain structured descriptions of visual con-
tent. Specifically, we extract (1) Dense captions:
natural language descriptions of salient objects, at-
tributes, and relations, (2) OCR text: textual ele-
ments embedded in the image, and (3) Tags: high-
level labels (e.g, protest, flooding).

Contextual Breakdown To capture intent and
rhetorical context often present in social media
posts, we prompt an MLLM for attributes which
align with previous NLP-based frameworks for
deception analysis, which models intention, tone,
and contextual factors as core dimensions of de-
ceptive content (Rani et al., 2025). To strike a
balance between granular taxonomy and to avoid
over-constraining the model outputs, we catego-
rize the contextual breakdown into four crucial
attributes: (1) Intention captures what the author
tries to achieve with the post (e.g. joking, crit-
icizing), which helps distinguish factual claims
from rhetorical or performative speech, (2) Tone
reflects the emotional or stylistic delivery (e.g. sar-
castic, ironic, outraged), which signals whether a
claim should be interpreted literally or as exag-
geration, (3) Context accounts for the surround-
ing situational and cultural cues (e.g. ongoing
events/conflicts, pop culture), which provide the
background necessary to construct a sound claim,
and (4) Image Context identifies specific visual el-
ements (people, objects) shown in accompanying
images, enabling the model to ground its under-
standing in both textual and visual information.

Claim Extraction Finally, the claim extractor
MLLM receives the post text and image(s), the vi-
sual representation, and the contextual information.
It is prompted to produce factual claims with In-
Context Learning (ICL), in which similar demon-
strations are retrieved from the training data using
BM25 (Robertson and Zaragoza, 2009) under a
leave-one-out strategy to prevent data leakage.

4 Experiments

Methods We evaluate a range of methods to es-
tablish performance across a diverse set of state-of-
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Method Model (used in the method) Reference-Based (1–4) (↑) Entailment (%) Decontextualization (%)
Strict (↑) Lenient (↑) Strict (↑) Lenient (↑)

MMCE dataset
LLM-based Evaluation

MLLM (text input only)
Gemini 2.0 Flash 2.80 80.0 85.9 96.9 99.7

Qwen2.5 VL 32B Instruct 2.85 77.7 86.3 96.4 99.6
GPT 4o Mini 2.83 80.6 88.0 97.4 99.7

MLLM
Gemini 2.0 Flash 3.11 75.5 85.4 97.9 99.9

Qwen2.5 VL 32B Instruct 3.14 77.3 86.6 98.5 100.0
GPT 4o Mini 3.15 74.4 85.2 97.8 99.9

MLLM with ICL
Gemini 2.0 Flash 3.21 70.5 82.6 98.4 100.0

Qwen2.5 VL 32B Instruct 3.24 71.8 83.6 98.4 100.0
GPT 4o Mini 3.22 69.9 82.4 98.1 100.0

MICE
Gemini 2.0 Flash 3.25 54.9 74.6 98.8 100.0

Qwen2.5 VL 32B Instruct 3.15 52.7 78.9 98.1 100.0
GPT 4o Mini 3.13 65.8 83.9 98.5 100.0

Intent-Critical Subset of MMCE
Human Evaluation

MLLM with ICL Gemini 2.0 Flash 2.60 76.0 96.0 83.0 99.0
MICE Gemini 2.0 Flash 3.31 81.0 97.0 92.0 99.0

LLM-based Evaluation
MLLM with ICL Gemini 2.0 Flash 2.08 68.0 82.0 94.0 100.0
MICE Gemini 2.0 Flash 3.56 48.0 68.0 100.0 100.0

Table 1: Experimental results in the full MMCE dataset, as well as the intent-critical subset of it. The bold
values represent the best performing method for each dataset, and for each evaluation method (human and LLM-
based). Scores in the Reference-Based column are on a 1–4 scale (1 = lowest, 4 = highest). Entailment and
Decontextualization are a 3-class categorical value, and is shown as strict (% fully entailed / fully decontextualized)
and lenient (% fully or partially entailed / partially decontextualized).

the-art MLLMs: Google Gemini 2.0 Flash (Deep-
Mind, 2024), Qwen2.5 VL 32B Instruct (Bai et al.,
2025), and OpenAI GPT 4o Mini (OpenAI, 2024).
We compare four methods: (1) MLLMs with text
input only to evaluate the significance of visual
information, (2) MLLMs with image-text inputs,
(3) MLLMs with image-text inputs and ICL exam-
ples selected using BM25, and (4) the intent-aware
framework, MICE.

Main results Table 1 summarizes the results
across the three evaluation metrics. In reference-
based scoring, we find that MLLMs with image-
text inputs consistently outperform instances with
text-only inputs, underscoring the importance of
incorporating visual signals for claim extraction
in noisy social media posts. The further gains
from MLLM with in-context learning (ICL) sug-
gest that multimodal intent is best captured when
models are guided by examples. In the subset of
intent-critical cases, both human and LLM-based
evaluations agree that the MICE framework im-
proves reference-based scores, though its utility is
not reflected across the entire dataset because of
other challenges. E.g, when interpreting an image
about the packaging of COVID-related medication,
MLLMs and MICE fail to spot the insinuation that
COVID is the same as influenza, which is indica-

tive of the challenges MMCE poses to MLLMs
more broadly (see error analysis in Appendix H).

MICE also improves decontextualization scores
for Gemini 2.0 flash and GPT 4o Mini, producing
claims that are more stand-alone and interpretable
without the original post. This is crucial for down-
stream fact-checking pipelines, where claims are
often checked in isolation. Our experiments also
reveal that improvements in reference alignment
and decontextualization introduce a trade-off with
entailment. This is likely because explicitly mod-
eling intent and context encourages the model to
abstract away from the literal text and image.

Human Alignment with Automated Evaluations
To validate the LLM-based evaluation metrics and
verify the utility of the MICE approach in han-
dling intent-critical claims, we had 4 expert annota-
tors independently score the claims extracted from
the intent-critical subset (details in Appendix G),
and calculated the agreement between the human
evaluators and the LLM scorer. The agreement is
measured using Krippendorff’s α (Krippendorff,
2013) and Spearman’s ρ (Spearman, 2010). Re-
sults (Appendix B1) show that reference-based and
decontextualization alignment achieved moderate
correlation with humans (α = 0.59 and α = 0.54
respectively), but entailment score achieved a lower
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correlation (α = 0.07). This suggests that judging
entailment involves a deeper inferential reasoning
of the post compared to the other metrics, leading
to a larger divergence from human judgment.

Experiment on Temporal Leakage To further
examine the extent to which MLLMs rely on pre-
training knowledge when generating claims, we
compared Gemini 2.0 flash (training cutoff: June
2024) (DeepMind, 2024) with Gemini 2.5 flash
(training cutoff: January 2025) (DeepMind, 2025).
Experiments on 50 randomly sampled image–text
claims posted between July and December 2024
(Appendix C) showed that Gemini 2.5 flash did not
have a significant improvement in scoring metrics
(Table C2). On closer analysis of the improved
claims, we also found no clear evidence that Gem-
ini 2.5 flash relied on additional pre-training knowl-
edge unavailable to Gemini 2.0 flash.

5 Conclusion

In this work, we introduce MMCE, the first dataset
for multimodal claim extraction 3 from social me-
dia, and established a three-part evaluation frame-
work that measures semantic alignment, faithful-
ness, and decontextualization. Our analysis demon-
strates that while baseline MLLMs can extract lit-
eral claims, they often miss the rhetorical intent and
contextual framing crucial for understanding social
media content. To address this gap, we propose
MICE, an intent-aware framework that improves
performance in these nuanced, intent-critical cases.
Overall, this research contributes a new benchmark
and an intent-aware framework, supporting the on-
going development of more effective automated
tools for fact-checking.
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Limitations

We acknowledge that claim extraction can inher-
ently be a subjective task, whereby extracted claims
with different semantic meaning can still be con-
sidered valid and check-worthy. Our rationale is
to model the claim extraction process as closely
as possible to that of professional fact checkers,
which motivated the decision to curate a dataset
from real-world fact-checking articles.

Moreover, the dataset we curated explicitly fo-
cuses on out-of-context images, where we deemed
it the most urgent to focus our efforts on these
types of claim. However, this excludes image-text
claim types that could also benefit from the MICE
framework, such as memes. In future work, we
propose to extend the experiments to other types of
image-text claims for diversity.

Lastly, due to resource constraints, we performed
human evaluation on 100 generated claims. Al-
though this sample size provided a representa-
tive assessment of the claims’ quality, it limits
a more comprehensive statistical analysis of the
framework’s performance variability across differ-
ent claim domains and styles. A larger scale human
evaluation would be beneficial for future iterations
of this work to improve statistical reliability and
reproducibility.

Ethical Considerations

We rely on fact-checks from real-world fact-
checkers to develop and evaluate our models. Nev-
ertheless, as any dataset, it is possible that it con-
tains biases which influenced the development of
our approach. Given the societal importance of fact-
checking, we advise that any automated system is
employed with human oversight to ensure that the
fact-checkers fact-check appropriate claims.
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A MMCE Dataset

The breakdown of the social media sites of the data
from MMCE is shown in table A1.

Social Media Site Number of Claims
X (Formally Twitter) 360
Facebook 319
Instagram 32
Reddit 13
Telegram 2
Weibo 2
Band (Naver) 1
Flickr 1
Truth Social 1

Table A1: Breakdown of social media sites

Although we converted the original post text to
English for our experiments, we also retained the
original language of the social media posts for fu-
ture experiments. Table A2 shows the breakdown
of the language of the original posts in MMCE.

Original Post Language Number of Claims
English 551
Hindi 100
Korean 14
Urdu 10
Chinese 8
Bengali 7
Thai 6
Sinhala 6
Khmer 7
Burmese 6
Filipino 4
Amharic 4
Tamil 3
Indonesian 2
Punjabi 2
Telugu 2
Kannada 1
French 1
Pashto 1
Swahili 1

Table A2: Breakdown of the language of the original
posts in MMCE. Some posts use more than one lan-
guage. In those cases, we count it under all the lan-
guages used.

B Human Alignment Analysis

Table B1 reports detailed agreement statistics be-
tween LLM-based evaluations and human annota-
tors, as well as human–human agreement.

Due to resource constraints, one annotator la-
beled all 100 examples; the other three split the set
(approximately 33–34 claims each).

C Temporal Leakage Analysis

Data for the temporal leakage analysis was drawn
from four fact-checking sources via the Google
Fact Check API. The breakdown of the source
URLs of the data used in the temporal leakage
analysis is shown in table C1.

Fact Checking Site Number of Claims
factcheck.afp.com 30
leadstories.com 13
politifact.com 5
fullfact.org 2

Table C1: Breakdown of fact checking sites used in the
temporal leakage experiments

The results of the temporal leakage experiment
are shown in table C2.

D Model Implementation and Resources

For few-shot settings, we set the number of shots
to be 5 to strike a balance between providing suffi-
cient demonstrations, and to prevent exceeding the
context length limit.

For experiments with Qwen2.5 VL 32B Instruct,
we faced a 30-image limit per input. In the hand-
ful of cases where the limit is exceeded (due to
the images from the few shot demonstrations), we
limit the number of few-shot inputs to fit the image
constraints.

All experiments were conducted using API ac-
cess to commercial and open-source multimodal
LLMs via the OpenRouter4 platform. We report
results for Gemini 2.0 Flash, Gemini 2.5 Flash,
Qwen2.5 VL 32B Instruct, and GPT-4o Mini. Since
these models are hosted services, we do not con-
trol the underlying hardware; however, we record
the model versions and set temperature to zero to
facilitate reproducibility.

4https://openrouter.ai/
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Method Model Reference-Based Entailment Decontextualization

LLM-Human
Krippendorff’s α 0.59 0.07 0.54

Spearman ρ 0.56 0.11 0.41
Agreement (%) 46.5 50.0 89.5

Human-Human
Krippendorff’s α 0.67 0.14 0.80

Spearman ρ 0.70 0.30 0.81
Agreement (%) 55.0 69.0 94.0

Table B1: Human–LLM and human–human alignment statistics across the three evaluation metrics used in the
experiment.

Model Reference-Based (1–4) (↑) Entailment (%) Decontextualization (%)
Strict (↑) Lenient (↑) Strict (↑) Lenient (↑)

Gemini 2.0 Flash 3.08 88.0 90.0 94.0 98.0
Gemini 2.5 Flash 3.10 86.0 86.0 84.0 90.0

Table C2: Results of the temporal leakage experiment, on 50 post-claim pairs that surfaced after the training cut-off
for Gemini 2.0 Flash, but before the training cut-off for Gemini 2.5 Flash. Scores in the Reference-Based column are
on a 1–4 scale (1 = lowest, 4 = highest). Entailment and Decontextualization are shown as strict (% fully entailed /
fully decontextualized) and lenient (% fully or partially entailed / partially decontextualized).

E Licensing Information

If accepted, we will publicly release and maintain
the dataset and baseline code, which will be li-
censed under the CC BY-NC 4.0 license.

F Prompts

Here we provide the prompts used in our experi-
ments. This includes the prompts used in the LLM-
based evaluation, as well as the prompts used in
the baseline approaches and the MICE framework.

For the MICE framework, the prompt used in
the claim extraction stage is a concatenation of
the image-text input prompt ( F.5), the output of
the Vision API, and the output of the contextual
extraction ( F.6).

F.1 Prompt for reference-based evaluation

# MISSION
You will get two claims below , a
generated claim and a reference claim.
Your task is to perform a comprehensive
similarity assessment between the
generated claim and the reference
claim , in the context of fact checking.
Provide a similarity score from 1 to 4.

# CRITICAL INSTRUCTIONS:
- Be CONSISTENT in your scoring.
Similar claims should always receive
similar scores.
- Focus on the core implied
meaning/content of the sentence ,
wording differences should be
acceptable.

- Extra details that don ’t contradict
the core claim is beneficial.
Additional specific details (e.g.
names , dates , locations , numbers) on
the core factual assertion is a good
thing. Do not penalize for verbosity
and specificity.

# Scoring Guidelines:
- 1: Completely different , no overlap
in themes , topics , or entities
mentioned.
- 2: Minimal similarity in themes ,
topics , or entities mentioned ,
sentences have different meanings. The
core factual statement to be fact
checked is different.
- 3: Partial alignment in message
conveyed , with significant differences
that could potentially affect
downstream fact checking.
- 4: Strong conceptual similarity with
minor variations or near -identical
meaning.

# RESPONSE FORMAT
Return the response in the following
JSON format:
‘‘‘json
{

"score": 3,
"reasoning ": "Brief explanation of
why this score was given"

}
‘‘‘

# INPUT
Generated Claim: <generated claim >
Reference Claim: <reference claim >
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F.2 Prompt to evaluate entailment

# MISSION
You will be given a social media post
via the text and image of the post , we
well as a candidate claim extracted
from the post. Your task is to assess
whether the claim is fully faithful to
and entailed by the combined content of
the image and text. This means that
assuming the social media post is true ,
the extracted claim must also be true.

Do NOT check if the claim is true in
reality , only whether it is faithful to
the content of the image and text of
the post.

Ignore whether the correct factual
content had been extracted , focus on
whether the extracted sentence is
faithful (i.e. no hallucinations).

# EVALUATION CRITERIA
Classify the claim into one of three
categories:
- ** entailed **: The claim is fully
aligned with the post content without
any contradictions , hallucinations or
unsupported additions.
- ** partially_entailed **: The claim is
partially aligned with the post content
but contains minor variations or
additional context not stated or
implied in the post.
- ** not_entailed **: The claim contains
significant misaligned inferences ,
exaggerations beyond what ’s stated ,
major contradictions , hallucinations ,
or completely misaligns with the post
content.

# INPUT
Generated Claim: <generated claim >
Text: <social media post text >
Image(s): <social media post image(s)>

F.3 Prompt to evaluate decontextualization

# MISSION
You will be given a candidate claim
that was extracted from a social media
post. Your task is to assess whether
this claim is understandable in
isolation , without access to the
original post or any external context.
A decontextualized claim should be
fully interpretable and self -contained
to an average reader , who has no
knowledge of the post.

# CRITICAL INSTRUCTIONS:
- Focus only on clarity and
completeness of meaning. Do not check
whether the claim is factually true or
faithful to the post , only whether the
claim can stand alone and be understood
independently.

# Scoring Guidelines:
- ** fully_decontextualized **:
Understandable in isolation. The claim
is completely self -contained ,
unambiguous , and requires no edits to
be understood on its own. (Example: The
mayor of NYC announced a new recycling
program on June 1, 2024.)
- ** partially_decontextualized **: The
claim is mostly clear and contains some
context , but has gaps , vague references
or unresolved pronouns. The claim could
benefit from some edits. (Example:
Vaccination rates rose after that. ->
could be rewrited to -> Vaccination in
the UK rates rose after the 2023
campaign .)
- ** not_decontextualized **: Not
understandable in isolation. The claim
cannot be interpreted on its own; key
entities , referents , or context are
missing. Major rewriting is needed.
(Example: He did something yesterday .)

# INPUT
Generated Claim: <generated claim >

F.4 Prompt for text-only input for claim
extraction

# MISSION
You are an expert fact -checking analyst
specializing in social media content
verification. Your primary objective is
to precisely extract and articulate the
core factual claim(s) from the given
text.

# CONTEXT ANALYSIS
Before extracting the claim , perform a
comprehensive context analysis:
- Examine the full text carefully
- Consider the platform type and its
typical communication style
- Identify potential implicit or
explicit claims

# CLAIM EXTRACTION METHODOLOGY
1. Identify Potential Claims:

- Look for definitive statements
- Detect implied assertions
- Recognize potentially misleading
or exaggerated claims

2. Claim Criteria:
- Clarity: Can the claim stand alone
and be understood without the
original context?
- Specificity: Does the claim
capture the most significant factual
assertion?
- Verifiability: Does the claim
provide enough detail to enable
fact -checking?

3. Claim Refinement Process:
- Remove subjective language
- Distill the core factual assertion
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- Ensure the claim is neutral and
objective

# CLAIM SELECTION STRATEGY
- Always try to extract just one main
claim first
- If the text contains one main factual
assertion , extract only that claim
- If multiple statements can be
combined into one coherent claim , do so

Multiple claims should only be used
when:
- The text contains completely separate
factual statements about different
topics that cannot be combined
- Each claim is independently
verifiable and fact -checkable
- Combining them would create a
confusing or overly complex claim

# ADDITIONAL CONSIDERATIONS
- If multiple potential claims exist ,
first try to identify the most
significant or impactful one
- If the claim is ambiguous , provide
the most reasonable interpretation
based on context
- Avoid introducing personal bias or
speculation
- Always prioritize extracting a
single , comprehensive claim over
multiple separate claims

# RESPONSE FORMAT
Return the response in the following
JSON format:
‘‘‘json
{

"claims ": ["main claim"]
}

# INPUT
Extract the claim(s) from the following
text: <social media post text >

F.5 Prompt for image-text input for claim
extraction

# MISSION
You are an expert fact -checking analyst
specializing in social media content
verification. Your primary objective is
to precisely extract and articulate the
core factual claim(s) from the given
text and accompanying image.

# CONTEXT ANALYSIS
Before extracting the claim , perform a
comprehensive context analysis:
- Examine the full input text and image
carefully. Consider how the image
contributes to the messaging
- Consider the platform type and its
typical communication style
- Identify potential implicit or
explicit claims

# CLAIM EXTRACTION METHODOLOGY

1. Identify Potential Claims:
- Look for definitive statements
- Detect implied assertions
- Recognize potentially misleading
or exaggerated claims

2. Claim Criteria:
- Clarity: Can the claim stand alone
and be understood without the
original context?
- Specificity: Does the claim
capture the most significant factual
assertion?
- Verifiability: Does the claim
provide enough detail to enable
fact -checking?

3. Claim Refinement Process:
- Remove subjective language
- Distill the core factual assertion
- Ensure the claim is neutral and
objective
- Consider whether the image alters ,
reinforces , or creates the perceived
claim

# CLAIM SELECTION STRATEGY
- Always try to extract just one main
claim first
- If the text contains one main factual
assertion , extract only that claim
- If multiple statements can be
combined into one coherent claim , do so

Multiple claims should only be used
when:
- The text contains completely separate
factual statements about different
topics that cannot be combined
- Each claim is independently
verifiable and fact -checkable
- Combining them would create a
confusing or overly complex claim
- The image introduces additional
factual assertions that cannot be
combined with the text claims

# ADDITIONAL CONSIDERATIONS
- If multiple potential claims exist ,
first try to identify the most
significant or impactful one
- If the claim is ambiguous , provide
the most reasonable interpretation
based on context
- Avoid introducing personal bias or
speculation
- Always prioritize extracting a
single , comprehensive claim over
multiple separate claims
- Consider whether the image alters ,
reinforces , or creates the perceived
claim

# RESPONSE FORMAT
Return the response in the following
JSON format:
‘‘‘json
{

"claims ": ["main claim"]
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}
‘‘‘

# INPUT
Extract the claim(s) from the following
text: <social media post text >

F.6 Prompt to extract contextual insights

# MISSION
Analyze this social media post and
provide contextual insights to help
identify the main factual claim.

# CONTEXTUAL ANALYSIS
Focus on these key insights:
1. INTENT: What ’s the main purpose of
the post?
(inform/persuade/entertain/satire/etc.)
2. TONE: What ’s the emotional tone of
the post?
(serious/humorous/sarcastic/anger/etc.)
3. CONTEXT: What real -world
events/issues does this relate to?
Include specific details like dates ,
locations , people , organizations.
4. VISUAL_CONTEXT: What specific
people , objects , locations , or events
are shown in the image that provide
context for the claim?

# RESPONSE FORMAT
Return your analysis as a JSON object
with the following structure:
‘‘‘json
{

"intent ": "description of the
poster ’s main purpose",
"tone": "description of the
emotional tone",
"context ": "brief context with
specific details about real -world
events/issues",
"visual_context ": "description of
what ’s shown in the image that
provides context"

}
‘‘‘

G Annotation Guidelines

The annotators involved in the human evaluation
are also co-authors but were unaware of which
system generated which claim. Here, we provide
the annotation guidelines provided to those annota-
tors, alongside an excel sheet containing the intent-
critical subset of the 100 post-claim pairs, as well
as the images relevant to the posts.

G.1 Instructions given to the annotators

There are 100 generated claims in the
excel file , and for each claim , the
original social media post
(text+image(s)) and the reference
claim , are provided. Fill in the green

columns (E and F): reference -based
score and entailment score.

Here are the guidelines for the scoring:

Reference -based
[Look at columns C and D only]
Given 2 claims , a generated claim and a
reference claim , perform a
comprehensive similarity assessment
between the generated claim and the
reference claim. Provide a similarity
score from 1 to 4.

Focus on the core meaning and factual
content , not minor wording differences.
Ignore extra details that don ’t change
the core factual claim , no need to
penalize for that.

Scoring Guideline (1-4 scale)
1: Completely different , no overlap in
themes , topics , or entities mentioned.
2: Minimal similarity in themes ,
topics , or entities mentioned ,
sentences have different meanings. The
core factual statement to be fact
checked is different.
3: Partial alignment in message
conveyed , with significant differences
that could potentially affect
downstream fact checking.
4: Strong conceptual similarity with
minor variations or near -identical
meaning.

Entailment
[Look at columns A, B and D only]
Given a social media post (text and
image(s)), as well as a claim extracted
from the post , assess whether the claim
is fully faithful to and entailed by
the combined content of the image and
text. This means that assuming the
social media post is true , the
extracted claim must also be true.

Ignore whether the correct factual
content had been extracted , focus on
whether the extracted sentence is
faithful to the post (i.e. no
hallucinations).

Scoring Guideline (3-class
classification)
1. entailed: The claim is fully aligned
with the post content without any
contradictions , hallucinations or
unsupported additions.
2. partially_entailed: The claim is
partially aligned with the post content
but contains minor variations or
additional context not stated or
implied in the post.
3. not_entailed: The claim contains
significant misaligned inferences ,
exaggerations beyond what ’s stated ,
major contradictions , hallucinations ,
or completely misaligns with the post
content.
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Decontextualization
[Look at column D only]
You will be given a candidate claim
that was extracted from a social media
post. Your task is to assess whether
this claim is understandable in
isolation , without access to the
original post or any external context.
A decontextualized claim should be
fully interpretable and self -contained
to an average reader , who has no
knowledge of the post.
Scoring Guideline (3-class
classification)
1. fully_decontextualized:
Understandable in isolation. The claim
is completely self -contained ,
unambiguous , and requires no edits to
be understood on its own. (Example: The
mayor of NYC announced a new recycling
program on June 1, 2024.)
2. partially_decontextualized: The
claim is mostly clear and contains some
context , but has gaps , vague references
or unresolved pronouns. The claim could
benefit from some edits. (Example:
Vaccination rates rose after that. ->
could be rewrited to -> Vaccination in
the UK rates rose after the 2023
campaign .)
3. not_decontextualized: Not
understandable in isolation. The claim
cannot be interpreted on its own; key
entities , referents , or context are
missing. Major rewriting is needed.
(Example: He did something yesterday .)

H Error Analysis

To surface the key challenges faced in image-text
social media claim extraction, we select erroneous
samples (scored 1 or 2 for reference-based scoring)
for analysis, shown in Table H1. We also select
instances where the baseline MLLM with ICL out-
performs MICE in reference-based scoring, shown
in Table H3, in order to highlight some potential
drawbacks of MICE. Note that in cases where the
system outputs more than one claim, we select the
highest scoring claim based on the reference-based
evaluation.

301



Failure Cases for both baseline MLLMs and MICE
Social Media Post Claims Analysis
India’s clothing minister - Prime
Minister of Italy. Very cultured.

Reference: Italy’s Prime Minister
Giorgia Meloni refuses to shake hands
with PM Narendra Modi.

MLLM+ICL: Image shows Narendra
Modi and the Prime Minister of Italy.
[2]

MICE: The image shows Naren-
dra Modi opening a car door for Italian
Prime Minister Giorgia Meloni. [1]

The LLM-based approaches fail to cap-
ture the nuance of the gestures and con-
text in the image. The phrase “Very cul-
tured” adds a subjective commentary on
behavior rather than merely describing
the scene. Though MICE attempts to
interpret the actions of the people in the
image, it overlooks intended meaning
of the post. This reflects a broader lim-
itation in MLLMs’ ability to integrate
non-literal cues from language with the
contextual visual semantics of human
gestures.

Krabi people are enlightened!!!
Move Forward Party is no longer a
party that will overthrow the monar-
chy. #MoveForward #themalaengtad

The text overlay in the image is: "Krabi
people’s eyes are open! If you don’t
take the party forward, the party will
fall."

Reference: The Move Forward Party’s
political rally in Southern Krabi
province, Thailand had a very small
crowd attendance.

MLLM+ICL: The Move Forward
Party is no longer a party that will
overthrow the monarchy. [1]

MICE: On April 23, 2023, the
Move Forward Party held an event
in Krabi, and the party is no longer
viewed as wanting to overthrow the
monarchy. [2]

The LLM-based models misinterpret
the underlying sarcasm and political
sentiment embedded in the post. The
Thai text, combined with the image of
a sparse crowd, is meant to mock the
Move Forward Party’s rally attendance.
However, both MICE and MLLM+ICL
treat the post as a straightforward politi-
cal statement, failing to synthesize the
ironic signals between text and visuals
to understand the true rhetorical intent.

Packaging update Reference: COVID19 is the same as
influenza.

MLLM+ICL: Fanttest sells a COVID-
19/Influenza A&B Antigen Test Kit. [1]

MICE: The packaging for the
Fanttest COVID-19/Influenza A&B
Antigen Test Kit has been updated. [1]

The LLM-based approaches fail to iden-
tify the implicit misinformation within
the post. Both MICE and MLLM+ICL
interpret the post literally without rec-
ognizing the underlying insinuation that
conflates two distinct diseases. The
emoji also serves as a rhetorical device
signaling skepticism and insinuation,
which was not picked up by the systems.
Consequently, their outputs remain fac-
tually descriptive but semantically shal-
low, demonstrating a persistent limita-
tion in detecting implicit misinforma-
tion.

Table H1: Analysis on instances where both baseline MLLMs and the MICE framework yields poor results, using
Gemini 2.0 Flash as the underlying model. The numbers within the square brackets represent the LLM-based
reference based score (Part 1).
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Failure Cases for both baseline MLLMs and MICE
Social Media Post Claims Analysis
The name of this Chinese firm is
PMC Projects and its owner is ’Chang
Chien-ting’, better known as Morris
Chang. Surprisingly, Morris Chang
is the son of Chinese citizen Chang
Chung-ling, who has been a director of
Adani’s companies and is a business
partner of Adani’s brother Vinod Adani.

Reference: Chang Chien-Ting, an
associate of the Adani Group, is a
Chinese national.

MLLM+ICL: Morris Chang, owner
of PMC Projects, is the son of Chang
Chung-ling, who is a director of
Adani’s companies and a business
partner of Adani’s brother, Vinod
Adani. [1]

MICE: Morris Chang, owner of
PMC Projects, is the son of Chang
Chung-ling, who is a director of
Adani’s companies and a business
partner of Vinod Adani. [1]

The LLM-based approaches fail to de-
tect the deceptive framing and the na-
tionality misattribution at the core of
this post. This is likely because the
post relies on background knowledge
of India–China relations and domes-
tic narratives around economic nation-
alism. The post falsely claims that
the Adani Group’s (An Indian Multina-
tional Conglomerate) associate is linked
to a “Chinese” businessman, exploiting
ongoing public suspicion toward Chi-
nese influence in Indian infrastructure
projects. Both MICE and MLLM+ICL
extract the literal factual components
(names, companies, and family rela-
tions) but fail to recognize the mis-
leading intent: the deliberate conflation
of Taiwan (“Republic of China”) with
mainland China (“People’s Republic of
China”) to frame the relationship as ev-
idence of Chinese involvement. This
illustrates a broader limitation of auto-
mated claim extraction, which in some
cases would need context from real-
world and real-time socio-political con-
text.

This image is a fraud, created via AI.
Supporters of russia, you go right
ahead and believe this fraud. I have no
objections at all. Supporters of Ukraine,
Ukraine has taken at least five villages
in the last day. The russian army in
the last two days has lost immense
amounts of men, far more than the
daily average for this war. In the last
village taken alone, fifty occupiers
were slain, and four captured. Russian
supporters, you won’t believe me,
and I absolutely do not need you to.
What you believe or don’t believe is
immaterial. As we freed my family in
Kherson, as we freed Kharkiv, so also
now we free more villages from the
horrible dystopia of the ’multi-polar
paradise’. But you please do keep
making your AI images and living
in Putin’s house of mirrors and illusions.

Reference: Image Showing Ukrainian
Losses Is Generated By Artificial
Intelligence.

MLLM+ICL: Ukraine has taken
at least five villages in the last day, and
in the last village taken alone, fifty
Russian soldiers were slain, and four
captured. [1]

MICE: Ukraine has taken at least
five villages in the last day, and the
Russian army has suffered immense
losses in the last two days. [1]

Both models extract a secondary claim
from the lengthy post text but miss the
primary, overarching claim that "This
image is a fraud, created via AI" (the
image is verified as legitimate). The
models appear to latch onto the more
concrete, detailed statements about re-
cent military events later in the para-
graph. This limitation likely arises from
the claim extraction prompt, which di-
rects the system to identify minimal or
singular claims, a strategy that proves
inadequate for posts containing longer,
more complex paragraphs.

Table H2: Analysis on instances where both baseline MLLMs and the MICE framework yields poor results, using
Gemini 2.0 Flash as the underlying model. The numbers within the square brackets represent the LLM-based
reference based score (Part 2, continued from H1)).
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Cases where baseline MLLMs outperforms MICE
Social Media Post Claims Analysis
Tunisian Club African CEO be-
ing interviewed by a journalist
about their game with Yanga SC

Reference: Image shows the CEO
of Club Africain of Tunisia being
interviewed after their match with
Tanzania’s Yanga SC.

MLLM+ICL: The man in the photo
is the CEO of Tunisian Club African
being interviewed about their game
with Yanga SC. [4]

MICE: The CEO of Tunisian Club
African is depicted as a man wearing a
turban and traditional clothing, sitting
at a desk with a laptop and an AK-47
assault rifle. [1]

This instance illustrates the potential
drawback of applying MICE’s com-
plex reasoning to straightforward, lit-
eral posts. The MICE framework fails
because of its over-emphasis on visual
analysis where none is needed. The
post’s claim is fully contained in the
text, but MICE’s methodology com-
pels it to integrate visual features. This
shows that for simple, text-dominant
claims, MICE’s intent- and context-
aware modules can introduce noise and
errors rather than adding value.

Someone please ask Fashola how he got
access to this server that has the elec-
tion result data. INEC and APC rigged
the election even before it started.
They should come out and defend this.

Reference: Nigerian housing minister
Babatunde Fashola illegally accessed
election data on a server prior to the
official release of results.

MLLM+ICL: A photo shows Ba-
batunde Fashola accessing a server
containing election result data. [4]

MICE: The image shows election
result data from Civichive for the 2023
Nigerian presidential election. [1]

MICE mentioned "result data from
Civichive," a detail not mentioned in
the text and likely derived from misin-
terpreting the website screenshot in the
image. This shows that the Vision API
or contextual breakdown module likely
misinterpreted the UI elements in the
image, whereas the baseline’s more di-
rect approach remained more faithful to
the source text.
However, the MLLM+ICL baseline
claim also does not capture the key de-
tail that Fashola allegedly illegally ac-
cessed the server. The high score is
arguably inflated, as the claim omits
the critical detail from the reference
that the access was "illegally" obtained.
The automated judge rewards the partial
semantic overlap, highlighting a weak-
ness in the reference-based scoring met-
ric itself.

U.S. District Judge Aileen Cannon
(on the left side in photo) has been
initially assigned to oversee the
case...could preside over the trial as
well. Cannon, appointed by Trump
in 2019, made decisions that favored
him in legal skirmishes during the
documents investigation last year. Her
rulings were overturned on appeal.
Cannon would determine, among
other things, when a trial would take
place and what Trump’s sentence
would be if he were found guilty.

Reference: A photo shows Aileen
Cannon, the US district court judge
assigned to the criminal case against
Donald Trump for retaining classified
documents, wearing Trump apparel
outside one of the former president’s
rallies.

MLLM+ICL: Judge Aileen Can-
non, who was appointed by Trump in
2019 and initially assigned to oversee
his case, is shown in the photo wearing
pro-Trump attire. [4]

MICE: Aileen Cannon, a Trump
appointee, has been assigned to oversee
the classified documents case against
Donald Trump, and she previously
made decisions favorable to him that
were later overturned. [2]

Here, the MLLM+ICL baseline outper-
forms MICE by successfully integrating
key details from both the text and the
image. The reference claim’s core is
that Judge Cannon is wearing "Trump
apparel," a visual fact explicitly men-
tioned in the baseline’s output.
In contrast, the MICE framework’s
treated the image as merely illustrative.
Its reasoning process failed to grasp
that the visual information was the most
salient part of the claim.

Table H3: Analysis on instances where the baseline MLLMs outperforms the MICE framework, using Gemini 2.0
Flash as the underlying model. The numbers within the square brackets represent the LLM-based reference based
score.
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Abstract

Data augmentation (DA) using large language
models (LLMs) is a cost-effective method
for generating synthetic data, particularly for
tasks with scarce datasets. However, its po-
tential remains largely underexplored, both in
terms of augmentation configuration and eval-
uation of synthetic data. This paper investi-
gates LLM-based synthetic data generation for
irony and sarcasm, two subjective and context-
dependent forms of figurative language. We
propose a multi-aspect evaluation framework
assessing synthetic data’s utility–plausibility
and extrinsic–intrinsic dimensions through four
aspects: predictive performance, sample diver-
sity, linguistic properties, and human judgment.
Our findings indicate that other aspects of eval-
uation, like diversity and linguistic features, do
not necessarily correlate with an increase in
predictive performance, underscoring the im-
portance of multi-faceted evaluation. This work
highlights the potential of LLM-based DA for
irony and sarcasm detection, offering insights
into the linguistic competence of LLMs. As
synthetic data becomes increasingly prevalent,
our framework offers a broadly applicable and
crucial evaluation method, particularly for lin-
guistically complex tasks.

� takelab/llm-irony-sarcasm

1 Introduction

Irony and sarcasm are complex pragmatic phenom-
ena that present a significant challenge in both lin-
guistics and NLP. This is primarily due to their am-
biguity, contextual dependency, subjectivity, and
the inherent incongruence between expressed and
intended meaning. Some datasets have only a few
dozen examples per category, which is insufficient
for training supervised models or fine-tuning pre-
trained classifiers for irony and sarcasm detection.
The challenge is further aggravated by the fact that

♡Equal contribution

 

  

  

 

 DATASET 

UTILITY 

PLAUSIBILITY 

AUGMENTATION 

EXTRINSIC INSTRINSIC 

Figure 1: Multi-aspect framework for evaluating syn-
thetic data quality through four aspects spanning the
utility–plausibility and extrinsic–intrinsic dimensions.

linguistics lacks clear definitions of sarcasm and
irony, as well as a consistent distinction between
the two (see Appendix 5 for examples). This incon-
sistency is reflected in dataset annotations (Jang
and Frassinelli, 2024), which makes it difficult to
align or merge datasets. Thus, despite increasingly
sophisticated language models, detecting irony and
sarcasm remains a challenging task and a bench-
mark of true language understanding.

In NLP, data augmentation (DA) is a widely
adopted technique used to expand existing datasets
by generating additional training examples through
various transformations, improving model robust-
ness and performance, especially in low-resource
settings (Feng et al., 2021; Chen et al., 2023).
While previous DA approaches relied on simple
linguistic transformations, such as paraphrasing,
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synonym replacement, or back-translation (Wei and
Zou, 2019), Large Language Models (LLMs) have
proven more effective due to their strong language
fluency, enhancing the plausibility and diversity
of generated data (Ding et al., 2024). Another ad-
vantage is LLMs’ capacity for in-context learning
(ICL) (Brown et al., 2020), which enables the use
of detailed instructions and few-shot demonstra-
tions to produce higher-quality synthetic data.

However, despite its proven utility, LLM-based
DA remains underexplored, both regarding aug-
mentation configurations and the evaluation of syn-
thetic data. The latter is especially important for
linguistically complex and subjective tasks, such
as sarcasm and irony detection. While prior work
often used predictive accuracy as a proxy for syn-
thetic data quality (Yoo et al., 2021), this metric
alone can be misleading. Performance gains may
stem from spurious correlations (Zhou et al., 2024),
and may be limited when synthetic instances lack
complexity or closely resemble the original data.
Finally, improvements from synthetic data, even
when the data is diverse and boosts in-domain per-
formance, do not demonstrate that it genuinely cap-
tures the targeted linguistic phenomena or that it
is indistinguishable from real data to proficient
language users. This makes evaluation beyond
downstream performance essential, not only for
validating the synthetic data itself but also for ana-
lyzing the generative model that produced it. Sys-
tematic analysis of the generated instances can re-
veal which linguistic properties are consistently
encoded and which are lacking, indicating that the
model relies on shortcuts or artifacts. In this sense,
synthetic data serves as a diagnostic probe: exam-
ining its structure and limitations provides direct
evidence of the model’s inductive biases and the ex-
tent to which it reproduces the target phenomenon,
insights that zero- and few-shot classification per-
formance alone cannot provide.

In this paper, we address the lack of systematic
assessment of synthetic data for complex tasks by
proposing a multi-aspect framework for evaluating
its quality (Figure 1). This framework considers
four key aspects of synthetic data: predictive ac-
curacy, data diversity, linguistic properties, and
human judgment. Together, these aspects span
two key dimensions of data evaluation: the extrin-
sic–intrinsic dimension (examining how synthetic
data appears externally versus its inherent char-
acteristics) and the utility–plausibility dimension
(assessing its usefulness for a given task versus its

resemblance to real data).
We apply the proposed framework to LLM-

based DA for irony and sarcasm detection. Consid-
ering various models, prompt configurations, and
numbers of demonstrations, we aim for novel in-
sights into the impact of DA configuration choices
on the different aspects of the generated synthetic
data. In particular, we focus on the following re-
search questions: RQ1. How does synthetic data
influence fine-tuning, and is it sufficiently diverse
both internally and relative to the few-shot demon-
strations? RQ2. Does synthetic data accurately
capture the linguistic phenomena it is intended to
represent, and how closely it resembles – or differs
from – the original data it was modeled on? RQ3.
Which augmentation setups produce synthetic data
that scores best across multiple evaluation aspects,
and do the different aspects correlate?

Our analyses show that while adding synthetic
data improves predictive performance, the syn-
thetic data points are mostly easy-to-learn and ex-
hibit lower diversity. We also demonstrate that
human annotators do not easily distinguish syn-
thetic from original data, verifying the potential of
using DA for irony and sarcasm detection. Over-
all, our multi-aspect evaluation shows that different
DA configurations optimize for various quality as-
pects of synthetic data. Thus, rather than consider-
ing only the predictive performance on augmented
data, our approach gives rise to Pareto-optimal sets
of DA configurations, from which DA practition-
ers should choose based on the specific aspects
they aim to maximize. Our work emphasizes the
importance of thorough and multifaceted evalua-
tion of synthetic data, particularly for subjective
and linguistically complex tasks, and provides a
framework applicable across domains. We make
all synthetic datasets generated and used in this
study publicly available.

2 Related Work

Our work connects two research areas: (1) irony
and sarcasm classification, and (2) data augmenta-
tion using LLMs. The following is an overview of
the main research done in these areas.

2.1 Irony and sarcasm detection
In linguistics, there is no agreement on definitions
for sarcasm and irony, or their clear distinction (see
Appendix 5 for examples). The primary distinc-
tion between the two categories lies in the target.
According to this view, irony is general, whereas
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sarcasm is more directed and malevolent (Aver-
beck, 2013), often linked to ridicule (Lee and Katz,
1998), and characterized by a mocking, sharper
tone. Due to the lack of standardized definitions
for these phenomena, distinguishing between in-
tended and perceived irony or sarcasm can be diffi-
cult – especially in contexts with limited cues. This
ambiguity makes manual data annotation challeng-
ing, as guidelines are often imprecise. As a result,
many datasets are constructed by scraping the web
for ironic hashtags without involving human an-
notators (Khodak et al., 2018), fail to differentiate
between sarcasm and irony (Van Hee et al., 2018),
or include only a small number of examples for
each category (Abu Farha et al., 2022).

In response to these annotation and dataset limi-
tations, recent research has sought to improve the
robustness and nuance of sarcasm and irony de-
tection. For instance, Jang and Frassinelli (2024)
conduct both intra- and cross-dataset evaluations
to assess the generalizability of sarcasm detection
models, while Casola et al. (2024) emphasize the
importance of a perspectivist approach by building
an irony corpus from social media that includes
disaggregated annotations and annotator metadata.

2.2 Data augmentation with LLMs
Since data annotation is both expensive and time-
consuming (Wang et al., 2021), data augmentation
(DA) often provides a more cost-effective and scal-
able alternative. In NLP, DA takes many forms,
ranging from simple techniques such as word in-
sertion, swapping, and synonym replacement (Wei
and Zou, 2019) to more sophisticated methods uti-
lizing pre-trained transformers for low-resource
scenarios (Kumar et al., 2020).

Recently, LLMs have garnered significant at-
tention for DA. Piedboeuf and Langlais (2025)
demonstrate that LLM-based methods – particu-
larly zero- and few-shot prompting – can outper-
form classical DA techniques, confirming their ef-
fectiveness. One early method, GPT3Mix (Yoo
et al., 2021), introduced a prompt-based approach
that selects two random samples from the dataset
and includes them in the prompt alongside dataset-
specific meta-information. Building on this idea,
Møller et al. (2024) enhanced it with a task-specific
system prompt to better guide generation. In a dif-
ferent line of work, Yang et al. (2024) proposed
a multi-step framework that iteratively trains the
model and augments the dataset using challenging,
model-generated examples.

When evaluating DA methods, most approaches
focus solely on predictive model performance when
synthetic data is added to the training set. However,
for subjective and linguistically rich tasks like irony
and sarcasm detection, this can overlook important
aspects such as semantic diversity and linguistic
adherence. In this work, we broaden the evaluation
criteria for data augmentation methods to include
not only model performance but also data qual-
ity, focusing on semantic diversity and linguistic
properties through the multi-aspect framework.

3 Experimental Setup
Datasets. For modeling irony and sarcasm, we
utilize a dataset from SemEval-2022 Task 6, in-
troduced by Abu Farha et al. (2022). We use sub-
tasks A and B that determine whether a tweet is
either sarcastic or non-sarcastic, and classify the
specific type of ironic speech, respectively. More
concretely, subtask B classifies each tweet into one
of six ironic speech categories defined by Leggitt
and Gibbs (2000). For our experiments, we used
two main categories: sarcasm and irony, consisting
of 893 and 175 tweets, respectively. In the origi-
nal train-test split, the training set consisted of 713
sarcasm tweets and 155 irony tweets, whereas the
test set consisted of 180 sarcasm tweets and 20
irony tweets. Furthermore, we randomly sampled
non-sarcastic tweets from subtask A dataset. Using
these, we constructed two balanced datasets: one
for sarcasm, consisting of 1,786 tweets, and one
for irony, consisting of 350 tweets.

Models. We use instruction-tuned LLMs since
we formulate our prompts as n-shot instructions.
We opt to include both an open-source and a closed-
source instruction-following model: Llama-3.1-8B-
Instruct (llama3; AI@Meta (2024)) and GPT-4o
(gpt4; OpenAI et al. (2024)), respectively.

Prompt construction. To construct LLM
prompts for ironic and sarcastic tweet augmenta-
tion, we follow Møller et al. (2024), who focused
on tasks involving evaluative language, including
sentiment analysis, offensive speech detection, and
emotion recognition. We divide the prompt format
into two parts, following the taxonomy proposed
by Jeoung et al. (2025): (1) fixed and (2) variable
parts. The fixed part of the prompt is present in all
configurations and includes a short task description
(e.g., Your task is to generate X ironic tweets.)
and output format instruction (e.g., Separate each
new instance with ordinal numbers.), along with a
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list of tweet examples used as demonstrations for
the few-shot prompts (either 1- or 3-shot). In the
1-shot setting, the model is prompted to generate
three new instances, while in the 3-shot setting, it
is prompted to generate nine instances. Unlike the
fixed part, the variable parts, which include the
task definition and stylistic guidance, are either
added to or omitted from the prompt, depending
on the prompt configuration. In total, we evaluate
16 distinct prompt configurations for each task
and model, generated by combining two variable
components with both 1- and 3-shot scenarios.

To ensure we cover all relevant aspects of the
datasets we aim to augment, we obtain definitions
for irony and sarcasm from the iSarcasm dataset
(Oprea and Magdy, 2020). Furthermore, we cre-
ate stylistic guidance instructions by describing the
informal and unstructured style typical of tweets.
Before selecting a specific wording for both the
fixed and variable parts of the prompt, we conduct
an initial evaluation of different prompt variants on
a subset of data for each task to identify the most
effective one in terms of instruction-following qual-
ity. In subsequent analyses, we label each prompt
configuration with ‘1’ or ‘3’ (for 1-shot and 3-shot,
respectively), followed by letters indicating the in-
cluded variable parts (‘D’ for Definition, ‘S’ for
Stylistic guidance, and ‘X‘ for neither). For ex-
ample, ‘3DS’ denotes a 3-shot prompt with both
Definition and Stylistic guidance included. The
complete prompts, including all variable parts, are
shown in Table 7 in Appendix E.1. In what follows,
we refer to a specific combination of an LLM and
prompt configuration as augmentation setup.

Demonstration selection. We utilize all training
examples as demonstrations in 1-shot configura-
tions and employ a cluster-based selection method
to choose semantically similar examples for each
prompt in 3-shot configurations for each task. Con-
cretely, we obtain training data embeddings from
BERT (Devlin et al., 2019), reduce dimensionality
with PCA, and apply K-Means to cluster semanti-
cally similar examples.

4 Utility
We now apply the proposed evaluation framework
to analyze the synthetic data generated by the DA
procedure described above. Our results are pre-
sented along the utility–plausibility dimension, be-
ginning with utility. Utility captures the extent to
which synthetic data supports model training and
performance. Specifically, we assess utility through

two aspects: predictive accuracy (an extrinsic as-
pect) and data diversity (an intrinsic aspect).

4.1 Predictive Accuracy

Since DA expands datasets often too small for
model fine-tuning, improved predictive perfor-
mance in classification is typically used as a proxy
for synthetic data quality (Wei and Zou, 2019;
Møller et al., 2024; Piedboeuf and Langlais, 2025).

Original data. To establish baseline performance
on the original data, we fine-tune three transformer-
based models commonly used for irony and sar-
casm detection: BERT (Devlin et al., 2019),
BERTweet (Nguyen et al., 2020), and RoBERTa
(Zhuang et al., 2021). Each model is fine-tuned
five times with different random seeds on the task-
specific training sets, using default hyperparame-
ters (see Appendix B). In addition, we evaluate two
LLMs in 0-shot and 2-shot settings: Llama-3.1-8B-
Instruct (llama3; AI@Meta (2024)) and Gemma-3-
4B (gemma3; Team et al. (2025)). For prompting,
we use the model-specific chat templates and pro-
vide test examples as input. The full set of baseline
prompts is provided in Appendix C.1. Table 1 re-
ports the average F1 scores on the test sets. For
the fine-tuned models, results are averaged over
five runs evaluated on a shared test set. To assess
overall performance differences among models, we
apply the Friedman test. For the irony task, the test
does not reveal statistically significant differences
among models (χ2(df = 4) = 10.03, p = 0.124);
therefore, no post-hoc pairwise comparisons are
conducted. For the sarcasm task, the Friedman test
indicates statistically significant differences among
models (χ2(df = 4) = 26.57, p < 0.001). We subse-
quently perform post-hoc pairwise comparisons us-
ing Wilcoxon signed-rank tests with Holm correc-
tion to account for multiple comparisons. However,
none of the pairwise comparisons remain statisti-
cally significant after correction (all Holm-adjusted
p-values > 0.05). Since none of the models signif-
icantly outperforms the others across both tasks,
we select BERTweet as the baseline model for the
remainder of the study, as it achieves the highest
average F1 score.

Synthetic data. We measure the influence of syn-
thetic data on model performance by fine-tuning
BERTweet, our best-performing model on original
data, with real and synthetic data for all prompt con-
figurations. To examine how performance changes
with different synthetic-to-real data ratios, we grad-
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Model Irony Sarcasm

FT
BERT 0.60± 0.17 0.53± 0.02

BERTweet 0.68± 0.08 0.70± 0.07

RoBERTa 0.39± 0.22 0.64± 0.07

0-
sh

ot llama3 0.68± 0.06 0.56± 0.01

gemma3 0.44± 0.02 0.37± 0.01

2-
sh

ot llama3 0.64± 0.03 0.73± 0.01

gemma3 0.65± 0.02 0.73± 0.01

Table 1: F1 scores (mean ± std) of models trained on the
original dataset for irony and sarcasm detection tasks.
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Figure 2: F1 score change relative to original training
data across increasing synthetic data sizes, grouped by
few-shot setting (color) and model type (line style), for
irony and sarcasm detection. Averaged over five runs
and across configurations; positive values indicate per-
formance gains from synthetic augmentation.

ually increase the amount of synthetic data in the
training set following the approach of Møller et al.
(2024). This setup also helps identify whether there
is an upper limit to the amount of synthetic data be-
yond which model performance plateaus. Figure 2
shows the change in F1 score aggregated across
different few-shot settings (either 1-shot or 3-shot).
The addition of synthetic data yielded a maximum
performance improvement of 10% for irony and a
higher improvement of 15% for sarcasm; similar
performance gains were also reported in (Møller
et al., 2024). Additionally, we observe that, across
both tasks and all few-shot settings, performance
stabilizes once synthetic data comprises approxi-
mately 50% of the total training set. Additionally,
we notice a larger performance gain for sarcasm.
Similar trends are observed for prompts extended
with definition and style parts (see Appendix C.2).

Motivated by the observed plateau in model per-
formance as the amount of synthetic data increases,
we employ dataset cartography (Swayamdipta et al.,
2020) to assess if this stagnation stems from dif-
ferences in example difficulty distribution between
the original and synthetic datasets. We fine-tune
BERTweet for 3 epochs using a balanced set of
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Figure 3: Distribution of difficulty levels (easy-to-learn,
ambiguous, and hard-to-learn) across different prompt
configurations for the irony detection task, with the
original data (left) and the synthetic data (right). Each
bar shows the normalized proportion of each difficulty
category for each prompt configuration.

original and synthetic data and default hyperpa-
rameters, and record the confidence, correctness,
and variability scores, later used to identify easy-
to-learn, ambiguous, and hard-to-learn examples.
Figure 3 shows the differences in difficulty dis-
tribution between original and synthetic data for
irony. We observe higher proportions of easy-to-
learn examples in synthetic data across both tasks
and prompt configurations. A similar trend is ob-
served for sarcasm (see Figure 7 in the appendix).

4.2 Data Diversity

The stagnation in F1 scores despite adding more
synthetic data, coupled with generally volatile train-
ing curves and the observation that many synthetic
samples fall into the easy-to-learn region of the data
map, directly motivates data diversity as another
evaluation aspect.

Method. We quantify the diversity of the syn-
thetic dataset through the semantic similarity be-
tween pairs of individual instances. We use the
SBERT model (Reimers and Gurevych, 2019) to
calculate instance-level similarity, with the zero-
one output range, reflecting the degree of semantic
overlap between a pair of instances. We then inves-
tigate the semantic diversity of synthetic datasets
across different configurations, approaching it from
two angles. The first type of diversity we consider
is intra-diversity, motivated by the observation that
synthetic examples often contain repetitive phrases
or recurring themes that may superficially boost
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Figure 4: Intra-diversity plots for sarcasm synthetic
datasets across prompt setups (shown in color) and mod-
els (shown in symbols).

performance but ultimately offer limited variety –
potentially explaining the observed performance
plateau. Given a synthetic dataset of size M and
semantic similarity sim(·, ·) between two synthetic
instances, x̃i and x̃j , we compute intra-diversity as:

dintra = 1− 1

M

∑

i ̸=j

sim(x̃i, x̃j)

Second, since the few-shot demonstrations are
the only component that varies between runs, the
generation process may produce instances that are
too similar to the demonstrations. To assess this,
we calculate inter-diversity, which quantifies the
extent to which the synthetic instances are different
from the few-shot demonstrations included in the
prompt used to generate them (see Appendix C.3
for the formula).

Original data. To compare augmented datasets
with the original dataset, we calculate intra-
diversity for the original irony and sarcasm datasets.
The resulting scores are 0.888 for irony and 0.902
for sarcasm, respectively.

Synthetic data. Figure 4 shows the intra-
diversity values across augmentation setups for
sarcasm. Prompt configurations are color-coded,
and marker shapes indicate the model. Although
synthetic datasets show lower diversity than the
original, the difference of ∼0.05 of top-performing
configurations is small – especially considering
sets are three times larger. Prompt configurations
strongly influence diversity: style-only prompts
produce the most diverse data, while definition-
only prompts result in the least. For gpt4, three-
shot prompts clearly outperform one-shot prompts.

We observe similar patterns for sarcasm, shown
in Figure 8. Inter-diversity behaves similarly, but
varies less across prompt types and more between
one-shot and three-shot setups (see Figure 9 in the
appendix). Three-shot setups yield higher diver-
sity across tasks, suggesting that not all examples
influence every output, increasing batch diversity.

5 Plausibility
Predictive performance and data diversity assess
how synthetic data impacts a model’s training and
performance when included in its training set, fo-
cusing on its utility. In contrast, plausibility con-
cerns whether the synthetic data exhibits linguis-
tic properties associated with irony and sarcasm
and appears realistic compared to the original data.
We evaluate plausibility through two aspects: lin-
guistic properties (an intrinsic aspect) and human
judgment (an extrinsic aspect).

5.1 Linguistic Properties
Since irony and sarcasm are inherently linguistic
phenomena, synthetic data should ideally conform
to specific definitions and linguistic properties for
accurate representation. Generating misaligned
samples can introduce flawed data points and en-
courage shortcut learning during fine-tuning, re-
sulting in a model that incorrectly represents irony
and sarcasm. Conversely, a model that effectively
captures these concepts is more likely to general-
ize to out-of-distribution data, making linguistic
properties an essential aspect of synthetic data.

Method. Among various approaches to modeling
linguistic features relevant to irony and sarcasm,
we use the LIWC 2022 lexicon (Boyd et al., 2022).
This choice is motivated by Sulis et al. (2016), who
showed that user-marked figurative language (e.g.,
irony, sarcasm) exhibits distinct patterns detectable
with closed-vocabulary methods. LIWC 2022 in-
cludes both basic linguistic categories (e.g., part-of-
speech tags, word types) and more nuanced dimen-
sions, such as emotions (anger, anxiety, sadness),
psychological states (Cognition, State), and social
behaviors (Interpersonal conflict, Moralization). It
comprises 116 features, each representing the pro-
portion of words in a text that match predefined
lexical categories, yielding sparse feature vectors
per sample and sparse matrices per dataset (ironic,
sarcastic, or neutral). To compare LIWC features
between original and synthetic data, we use the non-
parametric Common Language Effect Size (CLES)
(McGraw and Wong, 1992), which quantifies the
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probability that a randomly selected instance from
one group scores higher than one from another.
Prior studies suggest CLES is more interpretable
than traditional effect size metrics (Brooks et al.,
2014). We correct for multiple comparisons across
all configuration–feature pairs using the Benjamini–
Hochberg procedure with a false discovery rate
threshold of α = 0.05.

Original data. Before comparing linguistic fea-
tures of original and synthetic data, we first exam-
ine differences among ironic, sarcastic, and neutral
instances in the original dataset to assess if prior
findings (Sulis et al., 2016) hold. Since LIWC
includes many features, we focus on a few discrim-
inative categories – Emotion, Social, Physical, and
States – based on definitions of irony and sarcasm.
To better isolate patterns, we average only non-
zero LIWC scores. For instance, we find that irony
is more associated with anxiety, while neutral in-
stances tend to reflect more positive emotion (see
Figure 10 in the appendix).

Synthetic data. Figure 5 shows heatmaps of the
CLES score for sarcasm across augmentation se-
tups, with rows representing prompt configurations
per model and columns representing LIWC feature
categories sorted by average, ascending. After ap-
plying FDR correction, all configuration–feature
comparisons were statistically significant. Red val-
ues indicate a lower presence of the feature in syn-
thetic data compared to the original, while blue
values indicate a higher presence of the feature.
Paler squares indicate a higher overlap between
synthetic and original features.

For both sarcasm and irony and across both mod-
els, similar patterns emerge. The category Cog-
nition, which includes features such as certitude,
causation and memory, was consistently underrep-
resented in synthetic data, while Tone, covering
the degree of both positive and negative tone, was
consistently overrepresented in synthetic data.

5.2 Human Judgement

To complement the plausibility evaluation, we con-
duct a human judgment study to assess the quality
of the synthetic data from two aspects: data de-
tectability and data authenticity, by comparing real
and synthetic data. Data detectability assesses how
well humans can distinguish the difference between
irony and sarcasm for real and synthetic data. Data
authenticity assesses the extent to which humans
perceive synthetic data as believable or realistic
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Figure 5: Heatmap of CLES scores for aggregated
LIWC features across augmentation setups for sarcasm,
lower values represent lower frequency in synthetic data
compared to original.

compared to real data.

Annotation setup. Each aspect in the study is
evaluated independently through two annotation
tasks, with annotations provided by twelve vol-
unteer participants. In both tasks, each example
was annotated by three participants. Furthermore,
we instructed participants to complete the data de-
tectability task first and then proceed to the data
authenticity task only after its completion. A strict
task order was imposed to mitigate participant an-
choring bias, as awareness of the different exam-
ple origins (real or synthetic) could influence la-
bel judgments in the data detectability task (e.g.,
basing judgments on perceived origin rather than
linguistic fit alone). To avoid this, participants were
informed about the inclusion of the synthetic data
only after completing the data detectability task.
For both tasks, we randomly selected a balanced
sample consisting of real and synthetic data, where
synthetic data is selected from the prompt configu-
rations that achieve the highest F1 scores for irony
(gpt4 1X) and sarcasm (llama3 1X), respectively.

Data detectability. To evaluate whether humans
can recognize irony and sarcasm equally well in
real and synthetic data, we design an annotation
task comparing how these categories are perceived
across data sources. The intuition is that if syn-
thetic data is linguistically and semantically plau-
sible, then the ability of humans to identify irony
and sarcasm should be comparable to that in real
data. To this end, we devise a ternary classifica-
tion task where annotators label each tweet as either
ironic, sarcastic, or neutral, without knowing
whether the tweet is real or synthetic. We compile
a balanced dataset of 350 examples in total, uni-
formly sampled from five classes: real irony, real
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sarcasm, real neutral, synthetic irony, and synthetic
sarcasm. All irony and sarcasm examples, regard-
less of source, are grouped under their respective
labels, while the neutral class (which only exists
in real data) is treated as a separate category.

Data authenticity. To further inspect the qual-
ity of synthetic data compared to real data, we
ask participants to label tweets as either real or
synthetic, aiming to assess how convincing the
synthetic data is from a human perspective. We
uniformly sample a total of 280 ironic and sarcas-
tic tweets from both the real and synthetic datasets.
Additionally, we ensure that no examples are re-
peated from the data detectability setup.

Annotation details. We use the open-source plat-
form Alanno (Jukić et al., 2023) to conduct both
annotation tasks. All twelve participants are either
at the Master’s (4), PhD (7), or postdoctoral level
(1), working within the NLP domain. The group
includes 11 computer scientists and 1 psychologist.
The ages range from 24 to 34 years. All partici-
pants are fluent in English; two are native speakers,
and ten demonstrate high proficiency.

Results. We assess how well annotator labels
align with the gold labels for both real and syn-
thetic data by calculating accuracy scores, which
are reported for data detectability and authenticity
in Table 2. In absolute terms, detectability scores
fall below a random baseline of 0.5, highlighting
the challenge of distinguishing irony from sarcasm
– further supported by low annotator agreement
(Fleiss’ κ = 0.35). Similarly, despite higher ac-
curacy on the data authenticity task, poor agree-
ment (Fleiss’ κ = 0.14) indicates difficulty and
subjectivity in distinguishing real from synthetic
data. Table 3 presents the confusion matrices for
the original and synthetic datasets. The similar dis-
tribution of predictions across irony, sarcasm, and
neutral labels suggests that the synthetic data ex-
hibits class-level ambiguities and decision patterns
comparable to those observed in original data. It
is also a confirmation that LLMs generate neutral
Detectability accuracy is higher on synthetic ex-
amples, whereas authenticity accuracy is higher on
real examples. This suggests that synthetic data is
easier to label correctly but harder to identify as
artificial – likely due to being more straightforward
or less nuanced, but still fairly realistic. This aligns
with the finding that the majority of synthetic data
falls under the easy-to-learn category.

Irony Sarcasm

Real Synthetic Real Synthetic

Detectability 0.25 0.39 0.40 0.52
Authenticity 0.77 0.51 0.81 0.54

Table 2: Detectability vs. authenticity accuracy scores
of real and synthetic annotations for irony and sarcasm.

Predicted

Irony Sarcasm Neutral

Original Irony 19 25 26
Sarcasm 19 27 24

Synthetic Irony 27 15 28
Sarcasm 28 36 6

Table 3: Confusion matrices for detectability on original
and synthetic data.

6 Discussion
We now address our research questions by examin-
ing results across multiple evaluation dimensions.
RQ1, which concerns the impact of synthetic data
on predictive performance and diversity, is best in-
formed by the utility dimension. While synthetic
data boosts performance, gains tend to plateau –
likely due to its high proportion of easy-to-learn
examples. Although diversity remains lower than
in the original data, it is notable given the increased
dataset size. For RQ2, the plausibility reveals that
synthetic data often lacks variation in expression
categories across setups but matches the original
data in terms of linguistic markers. Human annota-
tors’ difficulty in distinguishing synthetic from real
examples further supports its plausibility. However,
the clearer distinction between irony and sarcasm
in synthetic data – reflected in higher labeling accu-
racy – suggests improved clarity of linguistic cues,
although possibly at the cost of realism.

In contrast to RQ1 and RQ2, which focus on
individual dimensions, RQ3 spans the entire eval-
uation framework, exploring correlations among
evaluation aspects. All aspects, except for human
judgment, are directly comparable across setups;
we limited human judgment annotations to a single
prompt configuration due to resource constraints.
The other three aspects are standardized to values
in the [0, 1] range: F1 score synthetic data of origi-
nal size (predictive accuracy), intra-diversity (data
diversity), and average CLES divergence from 0.5
(linguistic properties). We report the scores for sar-
casm in Table 4; similar trends are observed for
irony (see Table 9 in Appendix F).
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gpt4 llama3

Config F1 Div. Ling. Config F1 Div. Ling.

3DS★ 0.754 0.837 0.085 1D 0.744 0.787 0.080
1DS 0.736 0.803 0.090 3D 0.708 0.811 0.080
1D 0.736 0.768 0.078 1DS ★ 0.699 0.840 0.069
3D 0.732 0.815 0.080 3X 0.696 0.826 0.077
3X ★ 0.719 0.820 0.068 1X 0.692 0.820 0.071
3S ★ 0.708 0.846 0.081 3DS ★ 0.658 0.840 0.070
1X 0.696 0.780 0.077 1S ★ 0.637 0.855 0.069
1S 0.686 0.823 0.086 1S ★ 0.637 0.855 0.069

Table 4: Score comparison across performance (F1),
diversity (Div.), and linguistic properties (Ling.) for
sarcasm. Cell shading reflects relative score quality
per task per model (darker = better; for Ling., lower is
better), ★ = Pareto-optimal configuration.

Is predictive accuracy robust enough for DA
evaluation? Ideally, synthetic data that improves
predictive performance should be both diverse and
linguistically consistent with the target phenomena.
However, our results show that these qualities do
not always align – for example, gpt4-generated data
for sarcasm with high F1 scores had lower diversity
and linguistic overlap, suggesting that increased
variation in data can introduce noise. This suggests
that increased variation or richness in language,
while desirable in theory, may introduce noise or
complexity. These findings highlight the need to
evaluate model performance alongside explicit data
quality metrics, rather than relying on it as a sole
indicator of learning.

Can a single prompt configuration cover all
desired aspects? No single prompt configura-
tion optimizes performance, diversity, and lin-
guistic consistency across models and tasks; in-
stead, Pareto-optimal sets emerge for each model.
Definition-only prompts (D) improve clarity with
minimal complexity, while style-based prompts (S
or DS) boost diversity but often hurt performance
– especially with gpt4, whose outputs are more ex-
pressive. Few-shot settings also matter: 1-shot
prompts reduce diversity but largely preserve con-
sistency, indicating that more examples increase
variation more than linguistic alignment. Overall,
prompt design shapes synthetic data and often re-
quires balancing expressiveness with model learn-
ability. Comparing gpt4 and llama3 highlights the
variability of LLMs as data generators. While gpt4
is more sensitive to prompt changes, exhibiting
greater shifts in performance, diversity, and lin-
guistic features, llama3 produces more consistent
outputs with less variation.

7 Conclusion
In this paper, we introduced a multi-aspect evalua-
tion framework for data augmentation (DA), target-
ing sarcasm and irony detection. While F1 score
improvements are a standard measure of synthetic
data utility, we argue that this metric is not suf-
ficient. Our framework incorporates aspects that
span the utility–plausibility spectrum and reflect di-
verse characteristics of the data. Results show that
these aspects often do not correlate with F1 gains,
revealing important gaps in conventional evalua-
tion. Our findings demonstrate the potential of DA
for complex language phenomena and emphasize
the value of more nuanced, multi-dimensional eval-
uation in future work.

Limitations

Metrics. The metrics used to evaluate different
aspects may not perfectly capture the nuances of
those aspects, as they are inherently relative and dif-
ficult to quantify. Nevertheless, to our knowledge,
this remains the most comprehensive evaluation of
DA data to date.

Tasks Our analysis has not been tested on other
linguistically complex tasks other than irony and
sarcasm, which may reveal different patterns or
lead to alternative conclusions. Other tasks may
also involve additional crucial aspects not covered
here, particularly those that extend beyond standard
metrics like F1. This only confirms the importance
of multi-aspect evaluation.

Models. Lastly, we evaluated predictive perfor-
mance using only a single model, which limits the
generalizability of our findings. Different models
may interact with the data in distinct ways, po-
tentially leading to different outcomes, especially
since predictive performance is an indirect mea-
sure that reflects how the data influences model
learning.
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A Various irony and sarcasm definitions

Citation Summary

(Kreuz and Glucksberg,
1989)

Verbal irony, in contrast, need not refer explicitly to an ironic event or state. Instead, in
verbal irony a speaker expresses an attitude toward some object, event, or person by
saying something that is not literally true. Sarcasm is often characterized as a form of
verbal irony and has been defined as "a sharp and often satirical or ironic utterance
designed to cut or give pain."

(Nakamura, 1995) The allusional pretense theory of irony posits two necessary conditions for understanding
ironic intent: allusion to failed expectation (FE) and pragmatic insincerity. An allusion
to FE refers to a discrepancy between a certain expectation and the subsequent reality.
Pragmatic insincerity, the second necessary component proposed by Kumon-Nakamura
et al. (1995), follows from the felicity condition, originally discussed by Austin (1962)
and later elaborated on by Searle (1979; see also Colston, 2000). When being ironic,
the individual is not intending the compliment and is thus being insincere, violating the
felicity condition. This insincerity is pragmatic, relating to use rather than semantics.
From this view, both FE and pragmatic insincerity must be present to invite irony.

(Utsumi, 2000) Implicit display theory provides an additional contextual constraint for irony. A state-
ment must be identified as being in an "ironic environment," which consists of: (1) an
expectation by the speaker at time t, (2) a failure of that expectation, and (3) a negative
emotional reaction to the incongruity. Ironic communication implicitly displays this
environment by: (1) alluding to the expectation, (2) violating a pragmatic principle, and
(3) expressing a negative attitude indirectly.

(Pexman, 2008) Constraint satisfaction theories argue that no single cue is necessary to evoke sarcastic
irony. Instead, irony is interpreted based on a set of probabilistic cues or hints evaluated
in context. These might include who made the comment, the discourse or environmental
support, and the manner of delivery. A single strong cue or multiple weaker cues may be
sufficient to invite an ironic interpretation.

(Campbell and Katz,
2012)

Findings show that although several components have been claimed as “necessary” for
sarcasm, none are truly required. Each factor independently predicts sarcasm ratings,
and stylistic choices may play a significant role. Items with sarcastic instructions are
rated more sarcastic than those without, even when other variables are controlled.
Lexical features may contribute uniquely, outside traditional theory components.

(Lee and Katz, 1998) This study supports that sarcasm often involves ridicule of a specific victim, differenti-
ating it from irony. Sarcastic utterances bring to mind expectations associated with an
identified person, while irony evokes broader, collective expectations.

(Averbeck, 2013) Verbal irony is an intentionally inconsistent message that is usually benevolent and
not directed at the listener. Sarcasm, however, is also inconsistent but malevolent and
directed at the addressee. This distinction is based on intent and interpersonal direction.

Table 5: Various definitions in related work for phenomena covered by the term ironic speech.
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B Hyperparameters and Hardware Details

All models are fine-tuned using the HuggingFace Trainer1 library on an NVIDIA RTX 3090 GPU (24GB
RAM) with CUDA 12.9. We use the default hyperparameter settings provided by the Trainer library.

C Utility – additional experiments and information

C.1 Baseline prompts

Task System prompt

Sarcasm You are a helpful assistant. Classify the following tweet into sarcastic or not sarcastic. Sarcasm is a rhetorical
device where the intended meaning is opposite to the literal meaning, often used to mock, criticize, or highlight
contradictions in a humorous or satirical way. Sarcastic tweets contradict the state of affairs, are directed towards
an addressee and express a critical attitude. Output only the classification result.

Irony You are a helpful assistant. Classify the following tweet into ironic or not ironic. Irony is a rhetorical device where
the intended meaning is opposite to the literal meaning, often used to mock, criticize, or highlight contradictions
in a humorous or satirical way. Ironic tweets contradict the state of affairs but are not obviously critical toward
any particular addressee. Output only the classification result.

Table 6: System prompts used for classification tasks.

C.2 Predictive accuracy
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Figure 6: Change in F1 scores relative to baseline across increasing synthetic data sizes.

1https://huggingface.co/docs/transformers/main_classes/trainer
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Figure 7: Comparison of the distribution of difficulty levels (easy-to-learn, ambiguous, and hard-to-learn) across
different prompt configurations for sarcasm.

C.3 Data diversity
Given a real dataset partitioned into R calls {X1, X2, . . . , XR}, and a semantic similarity function sim(·, ·)
between real instances x ∈ Xr and their corresponding synthetic augmentations x̃1, x̃2, x̃3, we compute
inter-diversity as:

dinter = 1− 1

R

R∑

r=1

(
1

k · |Xr|
∑

x∈Xr

3∑

i=1

sim(x, x̃i)

)

This metric captures how distinct the synthetic data is from its corresponding real data across all calls.

D Plausibility – additional experiments and information

D.1 Linguistic properties
CLES. To focus on the data and avoid speculating about relevant linguistic categories, we use Common
Language Effect Size (CLES) to select the most relevant ones for distinguishing between ironic, sarcastic,
and neutral instances.

CLES is defined as:
CLES = P (X > Y ) + 0.5P (X = Y )

where X and Y are randomly chosen values from the distribution of the two datasets.
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Figure 8: Intra-diversity plot for irony synthetic datasets across prompt setups (shown in color) and models (shown
in symbols).
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Figure 9: Inter-diversity plots for irony and sarcasm synthetic datasets across prompt configurations (shown in color)
and models (shown in symbols).
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E Augmentation setup

E.1 Prompt examples
Table 7 shows the prompts used for the data augmentation.

Task Prompt

Ir
on

y

Your task is to generate 9 ironic Tweets.

Irony is a rhetorical device where the intended meaning is opposite to the literal meaning, often
used to mock, criticize, or highlight contradictions in a humorous or satirical way. Ironic tweets contradict
the state of affairs but are not obviously critical toward any particular addressee.

The Tweets should be written in unstructured Twitter style — no formal grammar, proper capitalization,
or structured sentences required. Focus on mimicking the style of the given tweet examples, such as mixing formal
and informal grammar, structured and unstructured text, and occasionally using emojis and URLs. Pay attention
to syntactic properties like ellipses and punctuation. Minimize the use of interjections and conversational phrases
(e.g., ’love’, ’nothing like’, ’just’, ’woke up’, ’amazing’, etc.).

Separate each new instance with ordinal numbers.

Examples:
- <example tweet>
- <example tweet>
- <example tweet>

Ironic Tweets:
1.

Sa
rc

as
m

Your task is to generate 9 sarcastic Tweets.

Sarcasm is a rhetorical device where the intended meaning is opposite to the literal meaning, of-
ten used to mock, criticize, or highlight contradictions in a humorous or satirical way. Sarcastic tweets
contradict the state of affairs, are directed towards an addressee and express a critical attitude.

The Tweets should be written in unstructured Twitter style — no formal grammar, proper capitalization,
or structured sentences required. Focus on mimicking the style of the given tweet examples, such as mixing formal
and informal grammar, structured and unstructured text, and occasionally using emojis and URLs. Pay attention
to syntactic properties like ellipses and punctuation. Minimize the use of interjections and conversational phrases
(e.g., ’love’, ’nothing like’, ’just’, ’woke up’, ’amazing’, etc.).

Separate each new instance with ordinal numbers.
Examples:

- <example tweet>
- <example tweet>
- <example tweet>

Sarcastic Tweets:
1.

Table 7: Prompts for 3-shot setup used to generate ironic and sarcastic tweets. The bolded text provides the
definition, while the italic portion covers stylistic guidance. For the 1-shot setup, the only difference is the requested
number of generated tweets in the output (3 instead of 9) and the number of example tweets in the prompt. In
ablated versions, definition, style, or both were omitted by removing the respective parts.
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E.2 Human judgment study
Table 8 shows the guidelines used in the annotation.

Task Guidelines

D
at

a
de

te
ct

ab
ili

ty

IRONIC

Definition:
Irony occurs when the tweet’s intended meaning is opposite to its literal meaning. It often emphasizes
contradictions or absurdities in a humorous or satirical way.

Usually, there is no clear target or addressee of the criticism. If a target exists, the tone remains
lighthearted and satirical.

Examples of ironic tweets:

1. See Brexit is going well.

2. I just absolutely LOVE how I’ve got to work outside for the next 3 days in the heatwave.

3. My eldest is having a wild Friday night out. She’s going to bingo.

SARCASTIC

Definition:
Sarcasm is a form of irony used to mock, ridicule, or convey contempt. While sarcastic tweets also contradict
reality, they are marked by a sharper tone and are typically directed at a specific individual or entity (e.g., a person,
brand, or group).

Examples:

1. Loving season 4 of trump does America. Funniest season yet #DonaldTrump #Trump #MAGA #MAGA2020

2. Wouldn’t it be cool if I could spontaneously combust.

3. When your @Apple delivery gets stolen by a UK Mail delivery driver and the police know who it is but I still
don’t get taken seriously

NEUTRAL

Definition:
Tweets that are literal, informative, express emotion without irony, or do not involve contradiction, criticism, or
mockery.

Examples:

1. Going to the gym later today.

2. Thanks to everyone who came to the event!

3. It’s hot outside, but I’m staying hydrated.

D
at

a
au

th
en

tic
ity Your task is to read each text sample and label it as either:

• Original – Written by a human (obtained via Twitter/X)

• Augmented – Generated by a language model (LLM)

Table 8: Annotation guidelines for human judgement study.
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F Multi-aspect score comparison

gpt4 llama3

Config F1 Div. Ling. Config F1 Div. Ling.

1X 0.720 0.775 0.085 3X 0.780 0.813 0.075
3D 0.719 0.799 0.073 1D 0.758 0.792 0.068
1D 0.713 0.775 0.085 3D 0.749 0.811 0.076
3X 0.703 0.818 0.078 3S 0.753 0.845 0.070
1DS 0.696 0.818 0.099 3DS 0.741 0.825 0.073
3DS 0.680 0.837 0.085 1X 0.722 0.803 0.079
3S 0.671 0.846 0.098 1DS 0.723 0.830 0.076
1S 0.594 0.826 0.102 1S 0.724 0.844 0.070

Table 9: Score comparison across performance (F1), diversity (Div.), and linguistic features (Ling.) for irony. Cell
shading intensity reflects relative score quality per task per model (darker = better; for Ling., lower is better).
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Schäfer, Johannes, 73
Sharma, Vivek, 1, 60
Shokri, Mohammad, 1, 60
Sokova, Daria, 107
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