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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
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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 ALJ
Prominent Paper Award. He is also the co-author of the “Embeddings in Natural Language Processing”
book.
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Council of LLMs: Evaluating Capability of Large Language Models to
Annotate Propaganda

Vivek Sharma!, Shweta Jain'?, Mohammad Mahdi Shokri’,
Sarah Ita Levitan®!, Elena Filatova*!
'The Graduate Center, CUNY, 2John Jay College of Criminal Justice, CUNY,
SHunter College, CUNY, *“New 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

1

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-4o0, 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

The Proceedings for the 15th Workshop on Computational Approaches to Subjectivity, Sentiment & Social Media Analysis (WASSA 2026), pages 1-12
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human-generated labels by measuring LL.Ms’ 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 LL.Ms 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, Tornberg
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 (Tornberg, 20244a,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



minimal manual labels. Tornberg (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 LLLM 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 LL.Ms, 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-40 (gpt-40-2024-08-06),
GPT-4.1 (gpt-4.1-2025-04-14), and GPT-03 (03-
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-03 for its specialized
reasoning strengths simulating varied annotator ex-
pertise.!

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

"https://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 40  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 40  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(03)
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-R 1-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-R 1-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-03 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 JIMBX dataset
includes annotations from two human annotators
and one human consolidator, it enabled us to sim-
ulate and compare mixed human—Al 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.

Consolidation
P/R/F

Class-wise P/R
P(prop), R(prop), P(non-prop),
R(non-prop)

Model

GPT 4.1
GPT 40
GPT o3

0.79/0.79/0.78
0.85/0.84/0.84
0.78/0.76/0.75

0.76/0.83/0.81/0.74
0.86/0.83/0.83/0.86
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).

Consolidation Class-wise P/R

Model P/R/F 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-40 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-40’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-40 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-40 performs partic-
ularly well on JIMBX 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-40 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
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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
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Figure 5: Top Propaganda Techniques in false positive
by open source models on PTC dataset
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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 JIMBX 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-



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),
(i1) 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



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-
40 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

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

— LLM annotation: Propaganda(Name
Calling / Labeling)
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— 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 anneotation: 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 anneotation: 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.



A.3 Unconvincing or Unsupported Reasoning

o Text:"All they have to do is delay the confir-
mation until after the election.”

- LLM annotation:
ganda(Oversimplification)

Propa-

— 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:
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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



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

PTC JMBX
Model P/R (prop, non-prop) 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 40  0.68/0.94/0.90/0.55  0.78/0.73/0.75/0.80
GPT 03  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.
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PTC JMBX
Model P/R (prop, non-prop) 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 40  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.

PTC
P/R (prop, non-prop)

JMBX
Model 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.

PTC
Model 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

JMBX
P/R (prop, non-prop)

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
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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-
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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-



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
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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 TGStat', 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-

"https://tgstat.com/


https://tgstat.com/

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).

We
neutral,

label
or negative

Sentiment  analysis:
sages as positive,

mes-

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),
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-
nAl GPT-40 model with the list of reaction

2https ://www.clarin.si/repository/xmlui/
handle/11356/1048
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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 Al (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 RQI1 - 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.

-59%

et - e o

- 100

v disgust +20% -75

o

ﬁ -50

] fear +16% +36% 9

E s =

g 5

s joy -~ -10% +9% +1% 0

5 2

c =25 g

0 neutral +9% +41% <

B 50

E . .

o sadness 86% +17% +69% L _75
-—100

surprise -39% +7% +32%

negative neutral positive
sentiment (message vs reaction)

(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
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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



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.
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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). 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 (A = —0.107), fol-
lowed by surprise, with a much smaller change
(A = —0.006). Other emotions, such as disgust
(A = —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,
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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
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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 (Schone
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.,



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 Al 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 (Schéne 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.
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7 Limitations

First, our findings rely on automated classifiers,
including transformer-based models (e.g., BERT,
RoBERTa, DistilBART) and a large language
model (GPT-40), 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-40 (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
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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 thro