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Abstract
The rapid and widespread dissemination of online disinformation constitutes a
major threat to democratic processes, public health, and societal stability. Al-
though disinformation is commonly defined as intentionally misleading and per-
suasive communication, most Natural Language Processing (NLP) approaches
still reduce its detection as a binary classification problem and overlook the
mechanisms that make disinformation effective, namely, malicious intent and
misleading persuasion techniques. This abstraction limits both the robustness
and the explainability of existing systems, particularly in cross-domain, cross-
genre, and emerging AI-generated content settings.

This dissertation addresses this gap by proposing a persuasion- and intent-
augmented computational framework to improve large language model reason-
ing for disinformation detection. It advances the state of the art through four in-
terrelated research studies. First, it introduces novel human-annotated datasets
that move beyond binary disinformation labels by explicitly capturing manipula-
tion techniques and malicious intent, including the first large-scale Polish corpus
and the first English dataset annotated for malicious intent with stepwise an-
notations from each stage of the annotation process. These resources enable
fine-grained empirical study of disinformation as a goal-driven communicative
phenomenon and establish new benchmarks for multifaceted disinformation
analysis in Polish and English.

Second, drawing on insights from psychology and communication studies,
the dissertation proposes persuasion-augmented reasoning for large language
models, demonstrating that explicitly analyzing persuasive strategies as inter-
mediate reasoning steps significantly improves disinformation detection and
generalizes across domains, genres, and temporal shifts. Third, it introduces
intent-augmented reasoning, showing that explicit reasoning about malicious
intent further enhances robustness and generalization, including across multi-
ple languages.

Finally, the dissertation investigates AI-generated persuasive text, introduc-
ing a multilingual benchmark to compare the detection difficulty and linguistic
characteristics of human-written and AI-generated persuasive content. Through
extensive linguistic and empirical analyses, it shows that AI-generated persua-
sive texts exhibit systematic linguistic differences and pose new challenges for
disinformation detection systems.

Overall, this work bridges theoretical definitions of disinformation with their
computational treatment, delivering new datasets, reasoning frameworks, and
empirical insights that support more transparent, generalizable, and future-
proof disinformation detection systems in the era of generative AI.
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Sommario
La rapida diffusione della disinformazione online può indebolire i processi de-
mocratici, la salute pubblica e la stabilità sociale. Sebbene la disinformazione sia
comunemente definita come una comunicazione intenzionalmente fuorviante e
persuasiva, la maggior parte degli approcci di elaborazione del linguaggio na-
turale (NLP) continua a ridurne il rilevamento a un problema di classificazione
binaria e trascura i meccanismi che rendono efficace la disinformazione, ovvero
gli intenti malevoli e le tecniche di persuasione ingannevoli. Questo limita sia
la robustezza che l’interpretabilità dei sistemi esistenti, in particolare in contesti
cross-domain, cross-genre e per contenuti emergenti generati dall’intelligenza
artificiale.

Il presente lavoro propone un framework computazionale per integrare abilità
di riconoscimento di tecniche di persuasione ed intento nei modelli linguistici di
grandi dimensioni per migliorare le loro capacità di rilevare la disinformazione.
Per tale scopo, quattro linee di ricerca, tra loro interconnesse, vengono presentate
in questo lavoro. In primo luogo, si introducono nuovi dataset annotati che
vanno oltre le etichette binarie di disinformazione, catturando esplicitamente le
tecniche di manipolazione e gli intenti malevoli, tra questo il primo corpus di
grandi dimensioni per la lingua polacca e il primo dataset in inglese annotato con
intenti malevoli. Queste risorse consentono uno studio empirico dettagliato della
disinformazione e stabiliscono nuovi parametri di riferimento per un’analisi su
più livelli della disinformazione in polacco e inglese.

In secondo luogo, attingendo alle conoscenze della psicologia e degli studi sul-
la comunicazione, la tesi propone un ragionamento potenziato dalla persuasione
per i modelli linguistici di grandi dimensioni, dimostrando che l’analisi esplicita
delle strategie persuasive come fasi intermedie del ragionamento migliora si-
gnificativamente il rilevamento della disinformazione e si generalizza attraverso
domini, generi e cambiamenti temporali. In terzo luogo, viene introdotto una
forma di ragionamento per i modelli linguistici arricchita dall’analisi dell’in-
tento, con miglioramenti significativi in termini di capacità di generalizzazione,
anche su più lingue.

Infine, la tesi confronta la difficoltà di rilevamento e le caratteristiche linguisti-
che dei contenuti persuasivi scritti dall’uomo e quelli generati dall’intelligenza
artificiale. Attraverso approfondite analisi linguistiche ed empiriche, mostra
che i testi persuasivi generati dall’intelligenza artificiale presentano differenze
linguistiche sistematiche e pongono nuove sfide ai sistemi di rilevamento della
disinformazione.

Nel complesso, questo lavoro colma il divario tra le definizioni teoriche della
disinformazione e il loro trattamento computazionale, fornendo nuovi dataset,
modelli di ragionamento e approfondimenti empirici per ottenere sistemi di
rilevamento della disinformazione più trasparenti, generalizzabili e a prova di
futuro nell’era dell’IA generativa.

xi





Streszczenie
Szybkie rozpowszechnianie dezinformacji w przestrzeni internetowej stanowi
poważne zagrożenie dla procesów demokratycznych, zdrowia publicznego oraz
stabilności społecznej. Chociaż dezinformacja jest definiowana jako perswazyjna
komunikacja celowo wprowadzająca w błąd, większość podejść redukuje jej au-
tomatyczne wykrywanie do problemu binarnej klasyfikacji, pomĳając kluczowe
mechanizmy jej skuteczności, takie jak manipulacyjne techniki perswazyjne oraz
złośliwe intencje nadawcy. Ograniczenie to wpływa negatywnie na wyjaśnial-
ność systemów, zwłaszcza w scenariuszach obejmujących różne kategorie tema-
tyczne oraz gatunki tekstów.

Niniejsza rozprawa doktorska odpowiada na tę lukę badawczą poprzez zapro-
ponowanie obliczeniowego podejścia do wykrywania dezinformacji z wykorzy-
staniem modeli językowych, wzbogaconego o rozumowanie oparte na perswazji
i intencji. Praca rozwĳa stan wiedzy poprzez cztery powiązane ze sobą badania.
Po pierwsze, wprowadza nowe zbiory danych, które wykraczają poza binarne
etykiety dezinformacji, uwzględniając techniki manipulacji oraz złośliwe inten-
cje, w tym pierwszy korpus w języku polskim oraz pierwszy anglojęzyczny zbiór
anotowany pod kątem złośliwych intencji wraz z adnotacjami pochodzącymi z
kolejnych etapów procesu anotacji. Zasoby te umożliwiają szczegółowe badanie
dezinformacji jako zjawiska komunikacyjnego ukierunkowanego na realizację
określonych celów oraz ustanawiają nowe punkty odniesienia dla wielowymia-
rowej analizy dezinformacji w języku polskim i angielskim.

Po drugie, czerpiąc z dorobku psychologii oraz badań nad komunikacją, roz-
prawa proponuje wzbogacone rozumowanie dla dużych modeli językowych,
wykazując, że analiza perswazyji jako pośredniego kroku rozumowania istot-
nie poprawia skuteczność wykrywania dezinformacji oraz dobrze generalizuje
się pomiędzy różnymi tematami, gatunkami tekstów i zmianami temporalnymi.
Po trzecie, rozprawa przedstawia rozumowanie wzbogacone o analizę intencji,
pokazując, że jawne wnioskowanie o złośliwych intencjach zwiększa zdolność
modeli do wykrywania dezinformacji, również w kontekście wielojęzycznym.

Ponadto, rozprawa analizuje teksty perswazyjne generowane przez modele
sztucznej inteligencji, wprowadzając wielojęzyczny zbiór danych umożliwiający
porównanie trudności detekcji oraz charakterystyk językowych treści tworzo-
nych przez ludzi i modele językowe. Na podstawie szeroko zakrojonych analiz
lingwistycznych i empirycznych wykazano, że perswazja generowana przez AI
charakteryzuje się systematycznymi różnicami językowymi i stanowi nowe wy-
zwanie dla istniejących systemów wykrywania dezinformacji.

Podsumowując, praca łączy teoretyczne definicje dezinformacji z ich auto-
matyczną detekcją, dostarczając nowych zbiorów danych, ram rozumowania
dużych modeli językowych oraz wniosków empirycznych, które wspierają roz-
wój przejrzystych, uogólnialnych i odpornych na przyszłe wyzwania systemów
wykrywania dezinformacji w erze generatywnej sztucznej inteligencji.
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1 Introduction

1.1 Motivation and Research Problem

The creation, dissemination, and consumption of online disinformation raise
increasing concerns, driven by easy access to false content and limited public
awareness of its misleading nature [1]. Disinformation spreads rapidly and
poses growing risks to democratic institutions, public health, and social stability
[2]. The High-Level Expert Group established by the European Commission
defines disinformation as [3]:

“False, inaccurate, or misleading information designed, presented, and pro-
moted to intentionally cause public harm or for profit.”

This definition has been widely adopted in Natural Language Processing re-
search as well as across the social sciences and humanities [4, 5, 6, 7].

Despite increasing recognition that disinformation is an intentionally mis-
leading and persuasive form of communication, most NLP approaches explore
disinformation detection as a binary classification task [8, 9, 10]. This paradigm
abstracts away from the mechanisms that characterize disinformation, partic-
ularly the presence of malicious intent and the use of misleading persuasive
techniques. As a result, current systems offer limited insight into why a piece of
content is classified as disinformation, constraining their usefulness for analysts,
policymakers, and end users who must interpret and act upon such decisions.

Research has shown that persuasion and manipulation are central components
of disinformation [11, 12]. Another fundamental but underexplored dimension
is malicious intent. Intent is part of the definition of disinformation [3], but
in NLP research, the malicious intent behind disinformation is underexplored.
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2 CHAPTER 1. INTRODUCTION

Existing theoretical frameworks seek to explain why disinformation is produced
[4], yet there is little empirical and computational work, or annotated data, that
directly captures these intentions.

Recent advances in large language models further enable reasoning-based de-
tection approaches. Nevertheless, current methods largely underexploit the use
of intermediate representations, such as explicit analyses of persuasion strate-
gies or malicious intent, to guide model reasoning. The lack of frameworks for
integrating this information may limit performance gains.

In this work, we argue that disinformation detection must move beyond bi-
nary judgments toward richer systems. We aim to develop methods that not only
automatically classify disinformation but also enrich this classification with ex-
planatory information that analyzes the persuasive strategies and intent under-
lying the content. By enriching disinformation detection outputs with explicit
information about persuasive strategies and malicious intents, this dissertation
aims to provide more informative predictions by offering users insight into how
and why disinformation seeks to influence its audiences.

From a computational perspective, these conceptual gaps surrounding mali-
cious intent and misleading persuasion are further compounded by the lack of
high-quality, expert-annotated datasets that explicitly model these dimensions
of disinformation. Available resources typically collapse diverse disinformation
objectives into a single binary label, obscuring differences in underlying intent
and persuasive strategy. As a result, malicious intent and the persuasiveness of
disinformation, despite being central to its conceptual definition, remain largely
absent from computational frameworks, constraining model generalization and
explainability. To address this limitation, this dissertation introduces novel,
expert-annotated datasets that explicitly capture these dimensions.

Moreover, prior work indicates that fine-tuned binary disinformation classi-
fiers may generalize poorly across domains, with performance degrading when
models are trained on one domain and evaluated on unseen topics [13]. This
dissertation therefore systematically evaluates the generalization ability of au-
tomatic disinformation detection methods beyond their training domains and
proposes approaches to improve robustness under both domain and temporal
shifts. The high-quality dataset developed in this work serves as a foundation
for the systematic evaluation of the proposed methods.

Finally, the growing prevalence of AI-generated persuasive text introduces an
additional challenge for disinformation detection. Large language models are
increasingly capable of producing persuasive content that may mirror the per-
suasiveness found in human-authored texts [14, 15, 16], potentially amplifying
the scale and adaptability of disinformation. Understanding whether and how
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AI-generated persuasion differs from human-written persuasion is therefore
crucial for developing robust detection systems, as such differences may affect
their generalizability. In the absence of empirical benchmarks and systematic
comparative analyzes, current disinformation detection systems risk becoming
increasingly fragile in the face of automated, persuasive content generation.

Consequently, the core research problem addressed in this dissertation is the
design of an intent- and persuasion-augmented framework for automatic disin-
formation detection, grounded in expert knowledge, that supports intermediate
reasoning and remains robust across domains. Furthermore, the dissertation
advances the understanding of AI-generated persuasive texts by systematically
examining whether such content is more challenging to detect automatically
than human-written persuasion and analyzing its linguistic features.

1.2 Research Objectives

This dissertation attempts to achieve the following four research objectives:

• Research Objective 1 [RO1] - Design a human-annotated disinformation
dataset and annotation framework that captures manipulation techniques
and malicious intent, going beyond binary credibility labels, to benchmark
language models for detecting disinformation, manipulation techniques,
and malicious intent classification.

• Research Objective 2 [RO2] - Develop and evaluate a persuasion-augmented
reasoning framework for large language models, enabling intermediate
analysis and explanation of persuasive strategies to improve disinforma-
tion detection.

• Research Objective 3 [RO3] - Develop and evaluate an intent-augmented
reasoning framework for large language models that uses knowledge and
explanations of malicious intent to improve disinformation detection.

• Research Objective 4 [RO4] - Analyze and compare AI-generated and
human-authored persuasive content based on linguistic characteristics and
detection difficulty for automatic disinformation systems.

1.3 Contributions

This dissertation contributes to the field of Computer Science, particularly Natu-
ral Language Processing, by advancing the computational study of disinforma-
tion, persuasion techniques, and malicious intent.



4 CHAPTER 1. INTRODUCTION

The core of this dissertation is structured around four interrelated studies,
each presented in a dedicated chapter. Collectively, these studies investigate dis-
information through the lenses of persuasion and malicious intent, progressing
from the creation of human-annotated datasets to the development of reasoning-
based detection frameworks and the analysis of AI-generated persuasive content.
Together, they form a coherent research trajectory that provides a multifaceted
perspective on characterizing and detecting disinformation. The main contribu-
tions are summarized below.

Main contributions of the first study (presented in Chapter 4):

• C1.1: Expert-Annotated Disinformation Dataset for a Lower-Resource
Language (Polish). The dissertation presents the first large-scale Polish
disinformation corpus with annotations beyond binary credibility judg-
ments. The dataset was developed as a part of the InfoTester project by
multiple researchers and professional fact-checking experts. This process
ensured high annotation quality and methodological rigor. The dataset
captures manipulation techniques and malicious intent. It covers 10 the-
matic categories, including the War in Ukraine and LGBT+ issues. This
contribution addresses the lack of high-quality disinformation resources
for lower-resource languages. It enables fine-grained analyses of the in-
tentional and manipulative dimensions of Polish disinformation.

• C1.2: Benchmarking Language Models for Multifaceted Disinforma-
tion Analysis in Polish. The dissertation establishes baseline language
models for disinformation detection, manipulation technique classifica-
tion, and malicious intent classification in Polish web articles. Using the
proposed expert-annotated dataset, Polish language models are systemat-
ically benchmarked across these tasks, providing the first comprehensive
evaluation of malicious intent and manipulation classification for Polish.
All baseline models fine-tuned for disinformation, manipulation classifi-
cation, and malicious intent are released on HuggingFace1, enabling repro-
ducibility and supporting future research on Polish disinformation.

As a result, Chapter 4 addresses Research Objective 1 (RO1) by presenting a
high-quality annotated dataset that enables fine-grained disinformation analysis
beyond binary classification. In addition, it goes beyond this objective by bench-
marking language models for disinformation detection, manipulation technique
classification, and malicious intent classification, and by releasing publicly avail-
able classification models on HuggingFace.

1Link to the collection of models: https://huggingface.co/collections/ArkadiusDS/mipd

https://huggingface.co/collections/ArkadiusDS/mipd


1.3. CONTRIBUTIONS 5

Main contributions of the second study (presented in Chapter 5):

• C2.1: English Disinformation Dataset with Stepwise Expert Annota-
tions. The dissertation presents a human-annotated English-language
disinformation dataset developed using a multi-stage annotation proto-
col. The dataset was developed as part of the InfoTester4Education project
by multiple researchers from different research institutions across four
European countries, in collaboration with professional fact-checking and
debunking experts. The annotation methodology and guidelines for the
dataset were co-designed by the author of this dissertation, who also con-
tributed to the annotation of the dataset. Crucially, the dataset preserves
intermediate annotation decisions and enables not only disinformation
detection research but also meta-analyses of the annotation workflow, in-
cluding studies of annotation consistency and inter-annotator agreement.

• C2.2: Persuasion-Augmented Reasoning for Disinformation Detection.
This study introduces a persuasion-augmented reasoning framework for
large language models, in which analyzes of persuasive strategies are ex-
plicitly incorporated as intermediate reasoning steps. The proposed ap-
proach improves robustness and generalization in zero-shot, cross-domain,
and cross-genre disinformation detection, demonstrating that structured
reasoning about persuasion enhances performance in complex NLP disin-
formation detection scenarios.

As a result, Chapter 5 addresses Research Objective 2 (RO2) by developing
and evaluating a persuasion-augmented reasoning framework for large language
models, in which explicit analysis of persuasive strategies is incorporated as an
intermediate reasoning step to improve disinformation detection. In addition,
the chapter partially supports Research Objective 1 (RO1) by introducing an
English-language disinformation dataset with stepwise expert annotations that
preserve intermediate decisions and enable analysis of English disinformation.

Main contributions of the third study (presented in Chapter 6):

• C3.1: English Disinformation Dataset Annotated for Malicious Intent
with Stepwise Annotations. This dissertation presents a human-annotated
English-language disinformation dataset capturing distinct categories of
malicious intent. The dataset was developed as a continuation of the In-
foTester4Education project, in collaboration with multiple European research
institutes and professional fact-checking and debunking experts. It sup-
ports research on intent-aware disinformation detection. By preserving
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annotations from each stage of the annotation process, the dataset addi-
tionally enables analyses of annotation dynamics, including consistency
and agreement across annotation steps.

• C3.2: Intent-Augmented Reasoning for Disinformation Detection. The
dissertation introduces intent-augmented reasoning, also referred to as
intent-based inoculation, as a novel approach to disinformation detec-
tion. This framework demonstrates that explicitly analyzing malicious
intent significantly enhances large language model reasoning, particularly
in challenging cross-domain, cross-genre, and multilingual settings.

• C3.3: Baselines and Benchmarking Language Models for Malicious In-
tent Classification. The dissertation establishes baseline methods and
benchmarks twelve language models, spanning BERT-based models and
generative large language models, on malicious intent classification tasks.

As a result, Chapter 6 primarily addresses Research Objective 3 (RO3) by
developing and evaluating an intent-augmented reasoning framework for large
language models, in which explicit analysis and explanation of malicious intent
are incorporated to improve disinformation detection. In addition, the chapter
contributes to Research Objective 1 (RO1) by presenting an English-language
disinformation dataset annotated for malicious intent with stepwise expert an-
notations, and by establishing baselines and benchmarks for malicious intent
classification across a diverse set of language models.

Main contributions of the fourth study (presented in Chapter 7):

• C4.1: Systematic Comparison of Human-Written and AI-Generated Per-
suasive Texts. The dissertation contributes to emerging research on gen-
erative AI by comparing human-authored and AI-generated persuasive
texts. It introduces controlled text generation procedures to produce syn-
thetic persuasive content, enabling rigorous evaluation of whether AI-
generated persuasive content is more challenging to detect automatically
than human-written persuasive text.

• C4.2: Linguistic Analysis of AI-Generated Persuasive Texts. The disserta-
tion provides a detailed linguistic analysis identifying stylometric features
that distinguish machine-generated persuasive texts from human-written
persuasive texts. This analysis offers empirical insights into the linguistic
properties of AI-generated persuasive texts.

• C4.3: Dataset and Benchmarks for Detecting AI-Generated Persuasion.
The dissertation introduces a novel multilingual dataset and benchmarks
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multiple large language models on the task of detecting AI-generated per-
suasive texts, establishing baselines and supporting future research on
automated detection of persuasive AI content.

As a result, Chapter 7 addresses Research Objective 4 (RO4) by systemati-
cally analyzing and comparing human-authored and AI-generated persuasive
content. The chapter investigates linguistic characteristics of AI-generated per-
suasion and evaluates the difficulty of automatically detecting such content,
introducing a new dataset and benchmarks to support research on the detection
of AI-generated persuasive texts.

Summary. Collectively, the contributions of this dissertation bridge the gap be-
tween theoretical definitions of disinformation, particularly its persuasive and
intentional dimensions, and their computational treatment in Natural Language
Processing. By introducing intent- and persuasion-augmented reasoning frame-
works, releasing expert-annotated datasets, and conducting rigorous empirical
evaluations, this work lays the foundations for more transparent, generaliz-
able, and practically relevant disinformation detection systems. Furthermore,
through a study of AI-generated versus human persuasion, the dissertation an-
ticipates emerging threats posed by generative models and provides essential
insights for developing future tools to detect persuasive AI-generated content
that may be used in large-scale disinformation campaigns. These contributions
support future research at the intersection of NLP, disinformation studies, and
AI safety.

1.4 Publications Forming This Dissertation

Each core chapter of this dissertation is grounded in a research study that has
been developed into a scholarly publication. These publications constitute the
dissertation’s core contributions and reflect the research outcomes achieved dur-
ing the PhD studies. Two of the studies have been published in CORE A* confer-
ences: EMNLP and ACL (Main Proceedings). A third paper has been accepted
to the CORE A conference EACL (Main Proceedings), while the fourth study is
currently under review for the ACL conference.

The following sections provide an overview of the four core chapters and cite
the publications that serve as the basis for each chapter.



8 CHAPTER 1. INTRODUCTION

1.4.1 Manipulation and Malicious Intent in Polish Disinformation

The first core study, presented in Chapter 4, is based on a published paper:
Arkadiusz Modzelewski, Giovanni Da San Martino, Pavel Savov, Magdalena
Anna Wilczyńska, and Adam Wierzbicki. 2024. MIPD: Exploring Manipulation
and Intention In a Novel Corpus of Polish Disinformation. In Proceedings of the 2024
Conference on Empirical Methods in Natural Language Processing (EMNLP),
Miami, Florida, USA. Association for Computational Linguistics.

In the first study, introduced in Chapter 4 and based on the study published
as Modzelewski et al. [17], we present MIPD, a novel corpus of 15,356 Polish web
articles designed to support disinformation research beyond binary veracity
classification. The dataset explicitly captures the intentional and manipulative
dimensions of disinformation.

The chapter introduces a multilayer annotation methodology carried out by
professional fact-checkers, who label malicious intent types and manipulation
techniques alongside disinformation. Using MIPD, we establish the first Polish
baselines for disinformation detection, manipulation technique classification,
and intent classification, and report experiments with Polish BERT-based models
as well as zero-shot evaluations with GPT-3.5 and GPT-4.

1.4.2 Leveraging Persuasion for Disinformation Detection

The second core study, presented in Chapter 5, is based on a published paper:
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 (ACL Volume
1: Long Papers), Vienna, Austria. Association for Computational Linguistics.

In the second study, presented in Chapter 5 and based on the study pub-
lished as Modzelewski et al. [18], we propose a novel reasoning framework for
disinformation detection with large language models that explicitly leverages
knowledge of persuasion. Inspired by findings from psychology and commu-
nication research, the study examines whether analyzing persuasive strategies
as part of the reasoning process can improve ability of Large Language Models
(LLMs) to recognize deceptive content in a zero-shot setting.

To this end, we introduce Persuasion-Augmented Chain of Thought (PCoT) ,
a two-stage reasoning approach in which LLMs first identify and explain per-
suasive strategies in a text and then use this analysis to inform the final disin-
formation judgment. Extensive experiments on news articles and social media
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posts, including evaluations on two newly introduced datasets (EUDisinfo and
MultiDis), show that PCoT consistently outperforms strong baselines, achieving
an average improvement of 15%. These results demonstrate that persuasion-
augmented reasoning substantially enhances generalization and robustness in
disinformation detection.

1.4.3 Leveraging Malicious Intent for Disinformation Detection

The third core study, presented in Chapter 6, is based on an accepted paper:
Arkadiusz Modzelewski, Witold Sosnowski, Eleni Papadopulos, Elisa Sartori,
Tiziano Labruna, Giovanni Da San Martino, and Adam Wierzbicki. 2026. MA-
Licious INTent Dataset and Inoculating LLMs for Enhanced Disinformation Detection.
In Proceedings of the 19th Conference of the European Chapter of the Associ-
ation for Computational Linguistics (Volume 1: Long Papers), Rabat, Morocco.
Association for Computational Linguistics (accepted and soon to be published).

In the third study, presented in Chapter 6 and forthcoming as Modzelewski
et al. [19], we introduce MALINT, the first human-annotated English corpus
explicitly designed to capture both disinformation and the malicious intent of
its creators. Developed in close collaboration with professional fact-checkers,
MALINT follows a rigorous multi-stage annotation process and releases anno-
tations from each step, enabling transparent and fine-grained analysis of intent
in disinformation.

Building on this resource, the chapter presents the first systematic evaluation
of malicious intent detection in English and introduces intent-based inoculation,
an intent-augmented reasoning framework inspired by inoculation theory. In
this approach, LLMs analyze hidden malicious intents as an intermediate reason-
ing step to strengthen disinformation detection. Extensive experiments across
multiple datasets, models, and languages show consistent performance gains,
demonstrating that intent-aware reasoning improves disinformation detection.

1.4.4 Persuaficial: Human vs. AI Persuasive Texts Comparison

The fourth core study, presented in Chapter 7, is based on a paper under
review and available as a preprint:
Arkadiusz Modzelewski, Paweł Golik, Anna Kołos, and Giovanni Da San Mar-
tino. Can AI-Generated Persuasion Be Detected? Persuaficial Benchmark and AI vs.
Human Linguistic Differences.

In the fourth study, presented in Chapter 7 and currently under review as
Modzelewski et al. [20], we extend prior work on persuasion by systematically
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analyzing persuasive language in human- and AI-generated texts. The study
investigates whether persuasive content produced by large language models dif-
fers from human-written persuasion in its linguistic characteristics and whether
AI-generated persuasive texts pose greater challenges for automatic detection.

To this end, we introduce Persuaficial, a multilingual benchmark designed to
directly compare human-written and LLM-generated persuasive texts across six
languages. Extensive experiments show that while some forms of AI-generated
persuasion are relatively easy to detect, more subtly crafted persuasive content
generated by LLMs remains significantly more difficult. Complementary lin-
guistic analysis reveals consistent stylometric differences between human and
machine-generated persuasion, offering insights that may influence the devel-
opment of more robust persuasion detection systems.

1.5 Publications Not Included in the Dissertation

The publications listed below were written during the PhD period but are not
included in this dissertation. They are presented for completeness and to docu-
ment additional scientific contributions beyond the scope of the thesis.

Several of these works were published in leading international venues, in-
cluding the CORE A* conference EMNLP. The list also includes a publication
resulting from the co-organization of a shared task at the Slavic NLP workshop,
co-located with ACL. In addition, several publications arose from international
collaborations with researchers from European institutions.

List of published works:

1. Witold Sosnowski, Arkadiusz Modzelewski, Kinga Skorupska, Jahna Ot-
terbacher, and Adam Wierzbicki. 2024. EU DisinfoTest: a Benchmark for
Evaluating Language Models’ Ability to Detect Disinformation Narratives. In
Findings of the Association for Computational Linguistics: EMNLP 2024,
Miami, Florida, USA. Association for Computational Linguistics.

2. Witold Sosnowski, Arkadiusz Modzelewski, Kinga Skorupska, and Adam
Wierzbicki. 2025. DiNaM: Disinformation Narrative Mining with Large Lan-
guage Models. In Proceedings of the 2025 Conference on Empirical Methods
in Natural Language Processing (EMNLP 2025), Suzhou, China. Associa-
tion for Computational Linguistics.

3. Tiziano Labruna, Arkadiusz Modzelewski, Giorgio Satta, and Giovanni
Da San Martino. 2026. Detecting Winning Arguments with Large Language
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Models and Persuasion Strategies. In Findings of the Association for Compu-
tational Linguistics: EACL 2026, Rabat, Morocco. Association for Compu-
tational Linguistics (accepted and soon to be published).

4. Arkadiusz Modzelewski, Witold Sosnowski, Magdalena Wilczynska, and
Adam Wierzbicki. 2023. DSHacker at SemEval-2023 Task 3: Genres and
Persuasion Techniques Detection with Multilingual Data Augmentation through
Machine Translation and Text Generation. In Proceedings of the 17th Interna-
tional Workshop on Semantic Evaluation (SemEval-2023), pages 1582–1591,
Toronto, Canada. Association for Computational Linguistics.

5. Jakub Piskorski, Dimitar Dimitrov, Filip Dobranić, Marina Ernst, Jacek
Haneczok, Ivan Koychev, Nikola Ljubešić, Michal Marcinczuk, Arkadiusz
Modzelewski, Ivo Moravski, and Roman Yangarber. 2025. SlavicNLP 2025
Shared Task: Detection and Classification of Persuasion Techniques in Parlia-
mentary Debates and Social Media. In Proceedings of the 10th Workshop
on Slavic Natural Language Processing (Slavic NLP 2025), pages 254–275,
Vienna, Austria. Association for Computational Linguistics.

6. Arkadiusz Modzelewski, Witold Sosnowski, and Adam Wierzbicki 2023.
DSHacker at CheckThat!-2023: Check-Worthiness in Multigenre and Multilin-
gual Content With GPT-3.5 Data Augmentation. In Working Notes of the
Conference and Labs of the Evaluation Forum (CLEF 2023).

7. Arkadiusz Modzelewski, Paweł Golik, and Adam Wierzbicki 2024. Bilin-
gual propaganda detection in diplomats’ tweets using language models and lin-
guistic features. Proceedings of the Iberian Languages Evaluation Forum
(IberLEF 2024) co-located with the Conference of the Spanish Society for
Natural Language Processing (SEPLN 2024).

8. Paweł Golik, Arkadiusz Modzelewski, and Aleksander Jochym 2024.
DSHacker at CheckThat! 2024: LLMs and BERT for check-worthy claims detec-
tion with propaganda co-occurrence analysis. Working Notes of the Conference
and Labs of the Evaluation Forum (CLEF 2024)

List of publications under review:

1. Witold Sosnowski, Arkadiusz Modzelewski, Kinga Skorupska, and Adam
Wierzbicki. 2025. DiNO: Disinformation Narrative Observer. Manuscript un-
der review at the Conference of the 64th Annual Meeting of the Association
for Computational Linguistics (ACL 2026).
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2. Jakub Piskorski, Dimitar Iliyanov Dimitrov, Marina Ernst, Jacek Hanec-
zok, Michal Marcinczuk, Arkadiusz Modzelewski, and Roman Yangar-
ber. 2026. A Corpus of Persuasion Techniques in Slavic Languages. Manuscript
under review at the 2026 International Conference on Language Resources
and Evaluation (LREC 2026).

3. Marina Ernst, Arkadiusz Modzelewski, Adam Wierzbicki, and Frank
Hopfgartner. 2025. Disinformation Detection with LLMs: Can Different
Models Agree on Their Judgment? Manuscript under review at Annals of
Operations Research.



2 Background and Fundamental
Concepts

2.1 Technical Foundations

2.1.1 Introduction Language Models

Language models constitute a foundational component of modern natural lan-
guage processing, providing a formal framework for modeling, understanding,
and generating human language.

Language Modeling. A language model defines a probability distribution over
sequences of tokens. Given a sequence of tokens w1, w2, . . . , wT , the goal of
language modeling is to estimate the joint probability:

P (w1, w2, . . . , wT ). (2.1)

By applying the chain rule of probability, this joint distribution can be factorized
as:

P (w1, . . . , wT ) =

T∏︂
t=1

P (wt | w1, . . . , wt−1). (2.2)

This formulation reduces language modeling to the problem of predicting
the next token given its preceding context. It provides a unifying probabilistic
framework underlying both classical statistical models and modern neural lan-
guage models, and it serves as the basis for a wide range of downstream tasks,
including text classification, information extraction, and text generation [21].

Modern Architectures of Language Models. While the probabilistic formu-
lation of language modeling is architecture-agnostic, modern neural language

13
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models are commonly instantiated using one of three architectural paradigms:
encoder-only, decoder-only, and encoder–decoder architectures. These architectures
are independent of the specific neural network realization [21]. In contemporary
NLP, they are most commonly implemented using the Transformer architecture
[22], which has become the dominant modeling framework for language models.

Decoder. The decoder is an architecture that takes as input a sequence of tokens
(basic unit of text, e.g. subwords) and generates an output sequence one token
at a time. Information flows strictly left-to-right, meaning each predicted word
depends only on prior words. Decoders are generative models: given some
input tokens, they can produce novel output tokens. This architecture underlies
large language models like GPT, Claude, Llama, and Mistral [21].

Encoder. The encoder takes as input a sequence of tokens and outputs a vector
representation for each token. Encoders are typically trained as masked language
models, where certain words are masked and the model learns to predict them
using surrounding context on both sides. Masked language models e.g., BERT,
RoBERTA, and others in the BERT family are encoder models [21]. Because they
are not designed to generate text, encoder models are not generative models.
Instead, they are commonly fine-tuned for tasks such as classification, where
text inputs are mapped to labels like sentiment, topic, or other categories [21].

Encoder–Decoder The encoder–decoder architecture takes a sequence of input
tokens and produces a sequence of output tokens, but with a looser relationship
between inputs and outputs than in decoder-only models [21]. The output
tokens may differ substantially from the input tokens. This flexibility makes
encoder–decoder models suitable for tasks that map between different kinds of
representations, such as machine translation or speech recognition, where the
input and output token sequences can be in different languages or of different
lengths [21].

Language Models in This Work. Language model architectures differ primar-
ily in how they represent and condition on context, which in turn determines
their suitability for different classes of NLP tasks. Encoder-only models are par-
ticularly effective for discriminative tasks such as text classification and sequence
labeling. Decoder-only models naturally support text generation and enable task
adaptation through prompting without parameter updates. Encoder–decoder
models are well suited for structured input–output transformations, including
translation and speech recognition.
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This dissertation focuses on encoder-based models for supervised text classifi-
cation and on decoder-based large language models for prompt-based inference
and reasoning, reflecting the complementary strengths of these architectures in
addressing disinformation-related tasks.

2.1.2 Text Classification in Modern Natural Language Processing

Text Classification. Text classification is a fundamental task in natural lan-
guage processing that aims to assign one or more labels to a textual input.
Formally, given an input text sequence x = (w1, . . . , wT ) composed of T tokens,
the objective of text classification is to learn a function

f : X → Y, (2.3)

where X denotes the space of textual inputs and Y is a discrete label space. In
the binary and multiclass settings, Y = {1, . . . ,K}, where exactly one label is
assigned to each input, whereas in the multilabel setting Y = {0, 1}K , where
each component indicates the presence or absence of a particular label, allowing
multiple labels to be assigned simultaneously to a single input.

Depending on the application, text classification can be performed at different
levels of granularity, including document-level, sentence-level, or span-level
classification. This task underlies a wide range of NLP applications such as
sentiment analysis, topic categorization, disinformation detection, persuasion
and intent detection.

Text Classification with Encoder-Based Models. The introduction of pre-
trained encoder-based language models marked a major shift in text classifi-
cation. Models such as BERT and its variants produce contextualized token
representations by attending to both left and right context, enabling rich seman-
tic encoding of the input text. For classification tasks, a task-specific prediction
head is typically added on top of the encoder, and the entire model is fine-tuned
using labeled data. This approach has become the dominant paradigm for
supervised text classification due to its strong empirical performance, sample ef-
ficiency, and robustness across domains and languages. Encoder-based models
are particularly well suited for discriminative tasks, including multilabel classi-
fication and fine-grained categorization, which are central to applications such
as disinformation, persuasion and intent detection.

Text Classification with Decoder-Based Models. More recently, large decoder-
only language models have enabled an alternative approach to text classification
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based on conditional text generation. Instead of learning a dedicated classifica-
tion head, classification is formulated as a generation task in which the model
is prompted with an input text and instructed to produce a label or a structured
response. This paradigm supports zero-shot and few-shot classification without
parameter updates, relying solely on inference-time prompting. Decoder-based
models are especially flexible and can incorporate task instructions, label de-
scriptions, or reasoning steps directly into the prompt. However, compared to
fine-tuned encoder models, their performance and reliability can be sensitive to
prompt design.

Text Classification in This Work. Modern text classification in this dissertation
is approached through encoder-based and decoder-based language models. For
supervised classification, encoder-based architectures are employed due to their
strong discriminative capabilities in labeled settings. In particular, pretrained
Transformer encoders including BERT, RoBERTa, and DistilBERT are used for
English-language data, while Polish-language experiments rely on Polish pre-
trained models such as HerBERT and Polish RoBERTa.

In parallel, large decoder-only language models are explored as an alternative
classification paradigm based on prompt-driven conditional generation. These
models are used in combination with reasoning-enhancement techniques that
aim to elicit structured intermediate reasoning during inference, improving clas-
sification reliability in complex settings. The basics and methods of reasoning
with language model prompting are described in detail in the following section.
Together, these approaches form the methodological foundation for the classifi-
cation of disinformation, persuasive content, and malicious intent investigated
in subsequent chapters.

2.1.3 Reasoning with Large Language Model Prompting

Reasoning with large language models has recently emerged as an important
research direction in natural language processing, driven by the observation that
sufficiently large pretrained models can exhibit non-trivial reasoning abilities
when appropriately guided at inference time. Among several lines of research on
LLM reasoning, one line relevant for this PhD dissertation focuses on prompting-
based approaches. This line of research elicits enhanced reasoning without
modifying model parameters through additional training, instead operating on
frozen language models. A systematic overview and taxonomy of methods for
reasoning with language model prompting is presented by Qiao et al. [23], which
serves as the primary reference and the basis for this section.
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Reasoning via Prompting. In the standard prompting setting, given a reason-
ing question Q, a prompt T , and a parameterized probabilistic language model
pLM, the objective is to maximize the likelihood of the correct answer A, i.e.,

p(A | T,Q) =

|A|∏︂
i=1

pLM (ai | T,Q, a<i), (2.4)

where ai denotes the i-th token in the answer sequence, and |A| denotes the
length of the final answer [23]. In the few-shot prompting setting, the prompt T
consists of K exemplar question–answer pairs (Q,A). Chain-of-Thought (CoT)
prompting [24] further augments each exemplar with an explicit reasoning se-
quence C, such that

T = {(Qi, Ci, Ai)}Ki=1. (2.5)

Accordingly, Equation 2.4 can be rewritten as follows:

p(A | T,Q) = p(A | T,Q,C) p(C | T,Q), (2.6)

where p(C | T,Q) and p(A | T,Q,C) are defined as

p(C | T,Q) =

|C|∏︂
i=1

pLM(ci | T,Q, c<i) , (2.7)

p(A | T,Q,C) =

|A|∏︂
j=1

pLM(aj | T,Q,C, a<j) , (2.8)

where ci denotes the i-th reasoning step, and |C| is the total number of all
reasoning steps [23].

Taxonomy of Reasoning Methods with LM Prompting. Following Qiao et al.
[23], reasoning methods with large language model prompting can be broadly
categorized into strategy-enhanced reasoning and knowledge-enhanced reasoning.
Figure 2.1 presents the resulting taxonomy proposed by Qiao et al. [23].

Strategy-Enhanced Reasoning. Strategy-enhanced reasoning methods aim to
improve the reasoning capability of large language models by modifying how
prompts are structured, executed, or supported during inference, without in-
troducing additional external knowledge. As shown in Figure 2.1, this class of
methods can be broadly categorized into prompt engineering, process optimization,
and external engines [23].
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Figure 2.1: Taxonomy of Reasoning Methods with Language Models Prompting pro-
posed by Qiao et al. [23].

For prompt engineering approaches, the primary objective is to enhance rea-
soning performance through improvements to the prompt T itself. Methods in
this category can be broadly divided into single-stage and multi-stage approaches.
Single-stage methods aim to elicit high-quality reasoning by constructing a sin-
gle, well-designed prompt that conditions the model on (T,Q) in one generation
step. In contrast, multi-stage methods decompose the reasoning process into a
sequence of intermediate steps, where each reasoning step ci is either incremen-
tally appended to the existing context or generated using a dedicated prompt
Tci tailored to that step [23].

Within strategy-enhanced reasoning, process optimization methods focus on im-
proving the quality of reasoning by calibrating each reasoning step. A straight-
forward approach introduces an optimizer with parameters θ to calibrate the
reasoning process C during answer generation, such approaches are referred to
as self-optimization methods. Beyond single-process optimization, some methods
exploit multiple reasoning trajectories and combine their outcomes to derive a
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final answer, which was categorized as ensemble-optimization methods. Fur-
thermore, the optimization process can be extended in an iterative manner by
repeatedly generating reasoning triplets (Q,C,A) and using them to fine-tune
the underlying language model pLM. Approaches following this paradigm are
denoted as iterative optimization methods [23].

Process optimization methods seek to enhance reasoning by refining the gen-
eration process itself, for example through self optimization, ensemble optimization,
or iterative optimization, which aim to improve robustness, consistency, or accu-
racy by leveraging multiple reasoning trajectories or repeated refinement.

External-engine-based approaches augment the language model with auxiliary
systems, such as simulators, code execution environments, or learned tools,
enabling the model to offload specific reasoning subroutines while maintaining
a prompt-centric interaction paradigm [23].

Knowledge-Enhanced Reasoning. Knowledge-enhanced reasoning methods are
motivated by the observation that knowledge plays a critical role in an effec-
tive artificial intelligence reasoning systems [25]. As illustrated in Figure 2.1,
knowledge-enhanced reasoning methods can be broadly categorized into im-
plicit knowledge and explicit knowledge approaches. Implicit knowledge methods
seek to elicit and structure latent knowledge already "included" within a lan-
guage model’s parameters, for example by prompting the model to generate
intermediate knowledge representations or reasoning rationales that are subse-
quently used to guide downstream inference. In contrast, explicit knowledge
methods integrate information from external sources directly into the reasoning
process, typically through retrieval or grounding mechanisms, in order to miti-
gate issues such as factual hallucination or knowledge inconsistency. By incor-
porating externally provided evidence or structured information into prompts,
these approaches enable language models to ground their reasoning in verifi-
able knowledge, particularly in settings that require multi-step or open-domain
reasoning [23].

Reasoning with Language Models in This Work. This section introduced a
background on reasoning with large language model prompting, focusing on
approaches that enhance reasoning at inference time. Following the taxonomy of
Qiao et al. [23], the methods developed in this dissertation, namely persuasion-
augmented reasoning (persuasion-augmented chain of thought) and intent-
augmented reasoning (intent-based inoculation), can be understood as multi-
stage prompting approaches that combine both explicit and implicit knowledge.
Specifically, they introduce external, structured knowledge about persuasion
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strategies and techniques and malicious intent as explicit inputs, while simulta-
neously eliciting implicit reasoning in the form of model-generated analyses and
explanations. By first prompting models to reason about intent and persuasion
and then leveraging these intermediate analyses for final disinformation detec-
tion, these methods operationalize knowledge-enhanced, multi-stage reasoning.

2.2 Fundamental Definitions and Theoretical Foundations

2.2.1 Credibility and Disinformation

Credibility Credibility is a central concept in the evaluation of information
quality and plays a foundational role in how information is assessed, trusted,
and acted upon by receivers. In this dissertation, credibility is defined as: a signal
that may make a receiver believe that the information is true [26]. This definition em-
phasizes that credibility is not an inherent property of a text or source, but rather
an evaluative outcome formed by the receiver during information processing.

This perspective aligns with game-theoretic models of communication under
asymmetric information, in which senders possess private information about
their intentions, reliability, or truthfulness, while receivers must infer these hid-
den properties from observable signals [26]. In this setting, persuasion strategies,
source characteristics, and factual consistency may function as signals that allow
the receiver to estimate the credibility of the information. Credibility evalua-
tion can thus be understood as an inference process under uncertainty, where
receivers assess signals in order to reduce informational asymmetry.

A crucial distinction in credibility research is between surface-level credibility
and earned credibility. Surface-level credibility refers to rapid evaluations made by
message receiver [27], often within seconds or minutes, based on superficial cues
such as website design, writing style, or perceived authority of the source. From
a signal-based perspective, such evaluations rely on weak and noisy signals that
provide only limited reduction of informational asymmetry between the sender
and the receiver.

In contrast, earned credibility refers to credibility assessments grounded in
systematic analysis, domain knowledge, and verification practices [27]. Earned
credibility may be typically result of evaluation made by experts, such as journal-
ists, fact-checkers, trained annotators, or subject-matter specialists, who assess
information using evidence-based reasoning, cross-source verification, and con-
textual understanding. In this case, credibility is derived from stronger signals
that substantially reduce informational asymmetry, as they are based on substan-
tive properties such as factual accuracy and alignment with verified knowledge
rather than on surface-level cues.
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This distinction is central to the creation of novel disinformation datasets men-
tioned in this work. Rather than using surface-level credibility judgments, this
work focuses on obtaining earned credibility evaluations for novel datasets, as
performed by annotators, debunking and fact-checking professionals. Accord-
ingly, the datasets presented in this dissertation are grounded in expert and
trained annotators assessments of information credibility.

Disinformation is a complex and multidimensional phenomenon that has
been conceptualized in diverse but related ways across disciplines [4]. In this
dissertation, disinformation is defined as “false, inaccurate, or misleading infor-
mation designed, presented, and promoted to intentionally cause public harm
or for profit” [3]. This definition, proposed by the HLEG of the European Com-
mission, is widely adopted in both academic and policy-oriented research [3].

Disinformation should therefore not be understood as a purely factual cate-
gory, but rather as information that is disseminated with a harmful intention,
and may be inaccurate or misleading due to the use of persuasive and manip-
ulative strategies. As a result, assessing disinformation requires going beyond
fact-checking individual claims and instead considering how information is con-
structed, framed, and disseminated within broader influence strategies.

Within this perspective, disinformation can be decomposed into two comple-
mentary dimensions: the means through which influence is exerted and the goals
it is intended to achieve. The former concerns observable and relatively objective
devices, such as persuasive and manipulative techniques, which can be identi-
fied directly in the text. The latter concerns the underlying goals that motivate
the creation and dissemination of disinformative content, such as undermining
trust, polarizing audiences, or advancing ideological or economic interests [4].
These goals are captured by the notion of malicious intent, which operates at a
higher level of abstraction and is not easily observable in text.

In our research, disinformation classification is grounded in earned credibil-
ity evaluations performed by annotators and professional debunking or fact-
checking experts. Within this framework, disinformation constitutes a specific
subclass of non-credible content: while many forms of information (e.g., ad-
vertising or opinionated content) may be judged as non-credible, they do not
necessarily qualify as disinformation. Disinformation is distinguished by the
combination of degraded credibility signals arising from persuasive and manip-
ulative language, the presence of malicious intent and the inclusion of factually
false or misleading claims. These factors shape credibility judgments and serve
as the empirical basis for the disinformation analysis conducted in this work.

In summary, this dissertation does not treat disinformation as a monolithic



22 CHAPTER 2. BACKGROUND AND FUNDAMENTAL CONCEPTS

category. Instead, dissemination of disinformation is approached as an inten-
tional practice that integrates persuasive and manipulative means with strategic
objectives. Persuasion and manipulation describe the observable tools of influ-
ence, while malicious intent captures the higher-level objectives guiding their
use. The following sections elaborate on these two dimensions in detail, provid-
ing further theoretical foundation for the computational methods developed in
this dissertation.

2.2.2 Persuasion

Persuasion is a fundamental communicative phenomenon in which language
is used to influence readers’ attitudes, judgments, or actions [28]. Persuasion
encompasses a range of rhetorical and argumentative practices. Following this
view, persuasive text is defined as text that employs specific linguistic and rhetor-
ical choices in order to influence readers. Importantly, persuasion does not
necessarily imply deception or harm [29]. It can be used for socially beneficial
purposes, such as encouraging healthy behaviors, promoting civic engagement,
or fostering awareness of societal issues. Consequently, persuasion should not
be equated a priori with disinformation or malicious intent.

In line with this definition, this dissertation adopts a high-level categoriza-
tion of persuasion techniques proposed by the Joint Research Centre, which is
the European Commission’s science and knowledge service that provides in-
dependent, evidence-based research and scientific advice to support European
Union (EU) policies. Below mentioned high-level categorization of persuasion
techniques that distinguishes between different mechanisms of influence [28]:

• Attack on Reputation [AR]: rather than engaging with the issue at hand,
the argument shifts focus to the individual involved in order to cast doubt
or even undermine their credibility. The object of the argumentation can
also refer to a group of people, an organization, an object, or an activity,

• Justification [J]: the argument consists of two components: a claim and a
supporting explanation or appeal, with the latter serving to justify and/or
reinforce the claim,

• Simplification [S]: the argument reduces a complex issue to an overly
simple explanation, often by oversimplifying its causes, effects, or the
range of available options,

• Distraction [D]: the argument diverts attention from the central issue by
shifting focus to an unrelated or less relevant point, thereby drawing the
reader away from the main line of reasoning,



2.2. FUNDAMENTAL DEFINITIONS AND THEORETICAL FOUNDATIONS 23

• Call [C]: the text does not present an argument, but instead urges the
reader to act or to adopt a particular way of thinking or acting,

• Manipulative Wording [MW]: the text does not constitute an argument
in itself, but it uses specific language that includes non-neutral, confusing,
exaggerated, or loaded words and expressions in order to emotionally
influence the reader.

The high-level categorization of persuasion techniques adopted in this disser-
tation has been widely used in Natural Language Processing research [30, 31].
It has also served as the basis for several Shared Tasks organized within the
International Workshop on Semantic Evaluation across multiple years [32, 33],
and was further applied in a Shared Task at the Slavic NLP Workshop [34].

Within this broader framework, manipulation is treated as a specific and more
restrictive subset of persuasion. Manipulation differs from persuasion primarily
in intent [29]. While persuasion aims to influence beliefs, opinions, or attitudes,
manipulation seeks to induce recipients to make choices or adopt behaviors that
primarily serve the manipulator’s goals [29]. Crucially, manipulation is inher-
ently associated with malicious intent: the communicator deliberately exploits
cognitive biases, emotional responses, or informational asymmetries to guide
the audience toward a predetermined outcome.

An important consequence of this distinction is that persuasion techniques
cannot be treated as inherently harmful signals. Techniques that belong to
e.g., Justification or Call (call to action) may legitimately appear in journalistic
opinion pieces, public health campaigns, or educational materials. In contrast,
manipulation techniques are indicative of an underlying intent to deceive or
control.

In summary, this dissertation follows the definition of persuasion proposed
by Piskorski et al. [28] and treats persuasion as a general communicative strat-
egy aimed at influencing readers, which may be used with or without mali-
cious intent. Manipulation is understood as a distinct, intent-driven persuasion,
characterized by exploitative goals and deceptive practices. Maintaining this
distinction allows for a more nuanced analysis of influence in text and provides
a principled foundation for separating benign persuasive communication from
harmful disinformation and manipulation.

2.2.3 Malicious Intent

Malicious intent constitutes a core analytical dimension in contemporary disin-
formation research, distinguishing disinformation from other forms of problem-
atic information such as misinformation, satire or parody [3]. In line with the
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definition proposed by the High-Level Expert Group of the European Commis-
sion, disinformation is not merely characterized by falsity or inaccuracy, but by
the presence of an intention to cause public harm or to generate profit [3]. This
intentional dimension implies purposive action: disinformation is produced and
disseminated to achieve specific goals that extend beyond the mere transmission
of incorrect information.

Building on this premise, malicious intent can be understood as the underlying
goal structure that motivates the creation and dissemination of disinformative
content. As argued by Hameleers [4], a comparative review of definitions of
disinformation proposed by different researchers reveals that the intentional di-
mension is one of the most consistently recognized elements across the literature.
While definitions vary in terms of scope, actors, and techniques, they converge
on the understanding that disinformation involves purposive deception rather
than accidental error. On this basis, Hameleers [4] concludes that disinforma-
tion can be defined as intentionally created or disseminated deceptive content,
designed to mislead recipients in pursuit of political, ideological, or economic
objectives.

In this dissertation, malicious intent is operationalized as a higher-level ab-
straction that generalizes across and groups recurring disinformation narratives.
Disinformation narratives are observable, recurring patterns found across sev-
eral disinformation articles [7]. Malicious intent, by contrast, encapsulates the
broader strategic objective that guides the selection and deployment of such
narratives.

In our understanding, this distinction is analytically important for three rea-
sons. First, it enables the systematic study of disinformation beyond isolated
false claims or specific disinformation narratives, allowing researchers to iden-
tify patterns of coordinated or recurrent behavior across topics, platforms, and
time. Second, intent-based analysis provides explanatory depth: rather than
asking only what is false, it asks why a particular form of falsity is produced and
to what end. As prior research emphasizes, uncovering intent is essential for
understanding how disinformation seeks to influence public beliefs, erode trust,
or mobilize specific audiences Hameleers [4]. Third, analyzing the intentions of
malign actors and their targeted disinformation campaigns can offer a starting
point for legal and policy interventions addressing the causes of deliberately
false information Hameleers [4].

As a result, malicious intent is not only a theoretically meaningful construct
but also practically applicable in real-world settings, such as fact-checking, and,
potentially, legal and policy contexts. Precisely because malicious intent can be
used in practice, the intent taxonomy proposed in this work was developed in
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close cooperation with domain experts and practitioners from fact-checking and
debunking organizations accredited by the International Fact-Checking Network
(IFCN)1. These experts bring extensive experience in analyzing disinformation
campaigns across domains and platforms, enabling the translation of theoretical
intent constructs into a set of empirically grounded, annotatable categories. This
expert-driven approach ensures that the proposed taxonomy reflects not only
conceptual rigor but also real-world applicability in contemporary disinforma-
tion ecosystems.

Building on this practically grounded approach, malicious intent is treated
in this work as a multi-label construct, acknowledging that a single disinforma-
tive article may simultaneously pursue multiple objectives and spread multiple
disinformation narratives. For example, an article may seek to undermine trust
in public institutions while also promoting anti-scientific views or reinforcing
social antagonisms. Such overlap reflects the complex and strategic nature of
disinformation campaigns, which often exploit multiple vulnerabilities within
the information environment.

To conclude, this work conceptualizes malicious intent as a central and defin-
ing component of disinformation, capturing its purposeful and strategic na-
ture in its creation and dissemination. By abstracting beyond individual nar-
ratives, the notion of intent allows disinformation to be examined in terms of
broader goals and impact. Informed by both existing theory and professional
fact-checking practice, this perspective acknowledges the complexity of disinfor-
mation campaigns and provides a coherent foundation for the intent taxonomy
and analytical framework developed in the subsequent chapters.

1The IFCN accredits fact-checking and debunking organizations that adhere to its code of
principles. See https://www.poynter.org/ifcn/

https://www.poynter.org/ifcn/




3 Literature Review

3.1 Disinformation Detection with Language Models

Research on disinformation detection has expanded rapidly in recent years, re-
flecting its growing impact on digital communication and societal trust [35, 36,
37, 38]. Although substantial work has focused on identifying fake news in on-
line content, it is essential to distinguish between fake news and disinformation.
Fake news is commonly defined as “fabricated information that mimics news media
content in form but not in organizational process or intent” [39]. This term, how-
ever, is insufficient to represent the broader and more complex phenomenon of
disinformation, even though fake news constitutes a subset of it [40]. Conse-
quently, research in these two areas often overlaps, and many studies address
them jointly.

Several recent surveys have provided comprehensive overviews of methods
for detecting fake news and disinformation, examining diverse models, feature
sets, definitions, and problem formulations [41, 42, 43, 44]. A central obser-
vation across this body of work is that most approaches treat disinformation
detection as a supervised classification problem. The predominant setup in-
volves binary classification, typically real vs. fake or disinformation vs. reliable
information. Numerous systems rely on fine-tuned transformer-based models,
especially BERT and its variants, demonstrating strong performance in such
settings [8, 9, 45, 46, 10]. Prior work also emphasizes that fake news is gener-
ally crafted with the intent to mislead [47], motivating continued research into
improving the linguistic and contextual understanding of detection models.

Beyond standard fine-tuning, recent findings indicate that pretraining or aux-
iliary training on related tasks can enhance performance in disinformation de-
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tection. For example, pretraining on fine-grained sentiment analysis has been
shown to provide beneficial inductive biases for distinguishing misleading from
reliable content [48]. Traditional machine learning and deep learning approaches
have additionally incorporated lexical, semantic, and engagement-based features
[49, 50, 51], reflecting the multifaceted nature of disinformation signals. Given
the high-stakes applications of these models, explainability has become a critical
research priority. Hybrid approaches combining deep neural architectures with
feature-level explanations improve transparency and user trust [52, 53, 54, 55].
The increasing prevalence of both human-written and LLMs generated disinfor-
mation has further stimulated research interest [13, 56].

A persistent challenge in the field is the scarcity of high-quality annotated
datasets. According to Capuano et al. [41], most human-labeled datasets focus
on political news in English, such as the political dataset provided by Wang [57].
The global impact of the COVID-19 pandemic, along with the rapid spread of
related disinformation, has prompted the creation of several datasets specifically
targeting COVID-19 and vaccine misinformation [58]. Other expert-labeled med-
ical information datasets include the work of Nabożny et al. [59]. Early datasets
in the field, such as LIAR [57], contain short statements annotated for veracity,
while FakeNewsNet [60] enriches news data with social and temporal context.

The scarcity of high-quality annotated datasets especially in the non-English
language prompted growing interest in zero-shot and few-shot learning meth-
ods. Such techniques leverage the adaptability of large pretrained transformers,
enabling effective performance even without task-specific supervision [61, 62,
63, 64]. Recent studies have demonstrated that zero-shot LLMs, such as GPT-4,
can outperform fully supervised models like BERT in detecting various forms of
disinformation [65, 66, 67]. These findings highlight the potential of large-scale
language models to generalize across domains and content types without expen-
sive annotation, positioning them as a promising direction for future research in
disinformation detection.

Disinformation is intentionally misleading [47]. In response, the Vietnamese
dataset RMDM [68] introduces four distinct labels: real, misinformation, disin-
formation, and malinformation, to distinguish between unintentional errors and
deliberate attempts to cause harm. Different studies have shown that disinforma-
tion often uses persuasion and manipulation to mislead audiences [11, 12, 69, 70].
First attempts to use persuasion as intermediate labels in healthcare misinfor-
mation detection within a few-shot scenario have shown promising potential
[71].
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3.2 Computational Approaches to Persuasion Detection

Research on persuasion detection intersects deeply with the broader study of
manipulation, propaganda as these phenomena share conceptual foundations
and often rely on overlapping rhetorical strategies. Recent efforts have intro-
duced multilingual datasets annotated for persuasion techniques, improving
system evaluation and generalizability across languages and contexts [72]. So-
cial media has emerged as a particularly important domain in this regard, with
studies examining political persuasion, the role of opinion leaders, and exposure
to dissenting views [73, 74]. LLMs-based approaches have also been developed
to simulate multi-agent conversations, assess persuasiveness, and identify tech-
niques such as trust-building and logical reasoning to counter disinformation
[75, 76, 77].

Although persuasion and manipulation have distinct characteristics, they
share significant theoretical and methodological commonalities, and they also
overlap with propaganda [72, 78]. Several datasets have been created to sup-
port the study of manipulation and fallacies as forms of persuasive reasoning.
Jin et al. [79] introduced LOGIC, comprising 13 classes of fallacious arguments
drawn from online educational sources, although it includes no non-fallacious
examples. Habernal et al. [80] presented Argotario, a game designed to teach
argumentation fallacies while collecting data annotated with five fallacy types,
including non-fallacious cases, later used for classification experiments with
neural and feature-based models [81]. Alhindi et al. [82] released the CLIMATE
dataset containing expert-annotated fallacies across 679 text segments from cli-
mate change articles, covering 10 categories including a No Fallacy class [83].

The study of persuasion is also tightly connected to propaganda detection.
Early work focused on document-level judgments, such as the four-way distant-
supervision classification task introduced by Rashkin et al. [84] (trusted, satire,
hoax, propaganda). Barrón-Cedeno et al. [85] expanded this line of research by
proposing a binary corpus comparing propaganda to non-propaganda and an-
alyzing stylistic and readability features, ultimately showing that models some-
times learn to infer source characteristics rather than propaganda cues. As the
field progressed, research shifted from coarse document-level labels to the iden-
tification of specific persuasive or propagandistic techniques. Habernal et al.
[80, 81] annotated arguments with five fallacies, while Da San Martino et al.
[86] created a corpus with 18 fine-grained propaganda techniques and explored
tasks such as sentence-level detection supported by a multigranular gated neu-
ral network. This body of work evolved further through the Prta system [87],
followed by models addressing transformer limitations [88] or aiming for greater
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interpretability [89]. Work by Da San Martino et al. [86, 90] was extended in a
multilingual setting by Piskorski et al. [72], who defined 23 techniques grouped
into six coarse-grained categories. Recent work has increasingly leveraged large
language models to identify rhetorical or credibility cues in text, using weakly
supervised methods to annotate persuasion strategies and enhance veracity clas-
sification [91, 92].

Beyond textual news, research has expanded to multimodal and multilin-
gual persuasion detection, including techniques in memes [93], code-switched
content [94], and analysis of propaganda in coordinated communities in social
media [95]. Additional studies explored how propaganda connects to metaphor
[96], fake news dynamics [97], and COVID-19–related online content [98, 99]. A
comprehensive overview of computational propaganda research is provided in
Da San Martino et al. [100].

This growing interest has led to multiple shared tasks centered on persua-
sion and propaganda detection. SemEval-2020 Task 11 [90] targeted span and
technique identification for 14 propaganda strategies in news articles, while
NLP4IF-2019 [101] addressed fine-grained detection of 18 techniques. SemEval-
2021 Task 6 extended these efforts to multimodal memes [102], and WANLP’2022
organized a shared task on detecting 20 techniques in Arabic tweets [103]. More
recently, the Slavic NLP Workshop introduced tasks on persuasion detection
and multilabel persuasion classification at the paragraph level in parliamentary
debates and social media across Slavic languages, including Polish and Russian
[104].

Parallel research has focused on the persuasive capabilities of generative arti-
ficial intelligence. This is being addressed by many fields of science, including
computer science, social sciences, and complexity science [105]. Recent progress
in large language models has drawn attention to their potential for persuasion
and related applications [14, 16]. Early studies by Wang et al. [106] explored
personalized persuasive dialogue systems designed to promote socially benefi-
cial outcomes. Subsequent studies have investigated how individuals respond
to persuasive machine-generated text and how they perceive its effectiveness
[107, 108, 15]. In addition, Schoenegger et al. [109] explored whether LLMs can
be more persuasive than humans, while Pauli et al. [110] analyzed the extent
to which LLMs are capable of generating persuasive language across different
domains.
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3.3 The Intentional Dimension of Disinformation in NLP

Intent (or intention) discovery has been approached from multiple perspec-
tives within NLP and beyond. Prior work ranges from purely textual analy-
ses [111] to multimodal settings where text is complemented with images [112]
or videos [113]. Research has examined how intentions relate to human behav-
ior [114] and how they guide individuals toward achieving goals [115]. Other
studies focus more explicitly on identifying and categorizing intentions, partic-
ularly in the context of disinformation.

A central contribution to conceptualizing disinformation intent is provided
by Hameleers [4], who propose a framework connecting actors, intentions, and
techniques used to create and disseminate misleading content. They outline four
categories of malicious intent: delegitimization, mobilization, ideological moti-
vations, and financial gain. While this framework is useful for understanding
intent categories, it does not include annotated datasets or empirical evaluations
with language models.

Several works investigate user or agent intent within broader misinformation
or fact-checking pipelines. Gupta et al. [116] examine user intent behind fact-
checking queries and develop a chatbot to counter fake news, but do not explore
whether intent features can enhance disinformation detection. In contrast, Zhou
et al. [117] focus on the intent of fake news spreaders, algorithmically labeling
intents and comparing them with a subset of manual annotations. Their findings
indicate that incorporating user propagation intent into Heterogeneous Graph
Neural Networks yields slight performance improvements over prior models.
They also observe that most users spreading fake news do so unintentionally,
suggesting that concentrating on the intent of disinformation agents, rather than
spreaders, may be more insightful.

Complementary to this, Wang et al. [118] annotate public real/fake news
datasets with agent-level intent classes such as Public, Emotion, Individual, Pop-
ularize, Clout, Conflict, Smear, Bias, and Connect. They demonstrate that adding
intent features improves misinformation detection in a T5-based architecture.

Beyond spreader-focused intent, other research examines intent in news cre-
ation. Notably, Wang et al. [119] introduce a formal definition and analytical
framework for news creation intent, reflecting the recognition that intention is
fundamental to news understanding [120, 121]. Zhou et al. [122] contribute the
first assessment of intentional versus unintentional fake news dissemination via
an influence graph. Guo et al. [123] extend this by categorizing spreading intent
into five classes, though these studies remain centered on news and fake news
rather than disinformation more broadly.
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Despite substantial progress in disinformation research [124, 125, 126, 127, 13],
the intent behind the creation of disinformation content remains insufficiently
explored. Existing work primarily considers spreader intent or high-level con-
ceptual frameworks, leaving a gap in empirical studies directly addressing dis-
information agents’ malicious intentions.

3.4 Conclusions and Knowledge Gaps

Despite substantial progress across disinformation, persuasion, and intent de-
tection, the literature reveals several critical gaps that motivate the contributions
of this dissertation.

The Role of Persuasion in Disinformation Detection. The second cluster of
research gaps concerns the role of persuasion, which is a broader concept than
manipulation, as an intermediate signal for disinformation detection. Although
many studies acknowledge the persuasive nature of disinformation, prior work
does not provide a structured, model-agnostic framework for systematically
incorporating persuasion knowledge into disinformation detection pipelines.
Existing studies show only localized and domain-specific improvements, for ex-
ample, in the detection of healthcare misinformation, but the field still lacks a
method that can generalize across different Large Language Models and datasets.
So far, no study has demonstrated a clear, measurable benefit of applying per-
suasion knowledge to disinformation detection.

The Role of Malicious Intent in Disinformation Detection. A third signifi-
cant gap in the literature concerns the integration of malicious intent as a core
signal for disinformation detection. Although intent is a defining component
of disinformation in widely accepted policy and academic definitions, research
in natural language processing has paid remarkably little attention to this di-
mension. Existing work provides almost no empirical investigation of intent
in disinformation, and the field lacks high-quality human-annotated resources
that capture malicious intent in disinformative content. Furthermore, current
approaches offer no model-agnostic frameworks for incorporating intent sig-
nals into inference pipelines, and no study to date has systematically examined
whether malicious intent can enhance the reasoning processes of large language
models.

Disinformation Research in Low-Resource Languages and Novel Taxonomies.
A significant gap in current research is the overwhelming focus on English-
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language disinformation, leaving limited resources and systematic studies for
lower-resource languages. Existing approaches often treat disinformation detec-
tion as a binary classification task, failing to account for the nuanced dimensions
of malicious intent and manipulation strategies. Additionally, the field lacks
comprehensive, systematic taxonomies that categorize manipulation techniques
and malicious intent, which are critical for understanding the mechanisms un-
derlying disinformation. There is also a shortage of studies benchmarking
natural language processing models on non-English datasets, particularly for
languages such as Polish, which limits the generalizability of findings across
diverse linguistic contexts. More broadly, current research tends to conceptu-
alize disinformation detection in a simplified manner, overlooking frameworks
that integrate both manipulation techniques and intent as essential analytical
components.

Understanding and Detecting LLM-Generated Persuasion. A further gap
concerns the growing role of LLMs as generators of persuasive content, an
area where scientific understanding remains limited. While recent studies ex-
amine the persuasive capabilities of large language models, prior research has
not addressed whether LLM-generated persuasive texts are easier or harder to
detect than human-written persuasion. Moreover, the field lacks a systematic,
comprehensive linguistic comparison of human- and machine-produced persua-
sive messages. Existing work typically evaluates persuasiveness at a behavioral
level (e.g., whether people are convinced), but does not analyze the linguistic
features that differentiate LLM-generated persuasion from its human counter-
part. As a result, there is no established benchmark for studying LLM-specific
persuasion, nor any empirical assessment of how well current detection models
perform on this emerging content category. This gap is particularly consequen-
tial given the rapid proliferation of AI-generated persuasive text in political
communication, advertising, social media, and disinformation campaigns. A
better understanding of LLM-generated and human-written persuasive texts is
particularly important as it may offer insights that may guide the development
of more interpretable and robust persuasion and disinformation detection tools.





4 Benchmarking Models on Polish
Disinformation Detection

This chapter presents contributions C1.1 and C1.2 described in Section 1.3.
The chapter is based on the following published paper:
Arkadiusz Modzelewski, Giovanni Da San Martino, Pavel Savov, Magdalena
Anna Wilczyńska, and Adam Wierzbicki. MIPD: Exploring Manipulation and In-
tention In a Novel Corpus of Polish Disinformation. In Proceedings of the 2024 Con-
ference on Empirical Methods in Natural Language Processing, Miami, Florida,
USA. Association for Computational Linguistics (EMNLP 2024).

Mitigating the spread of disinformation on the web has become an impor-
tant social challenge. Numerous significant events, including the COVID-19
pandemic and the Russo-Ukrainian conflict, highlight disinformation’s negative
impact on individuals and society [128, 129].

The High-Level Group of Experts set up by the European Commission defines
disinformation as “false, inaccurate, or misleading information designed, presented,
and promoted to intentionally cause public harm or for profit” [3]. There are two sig-
nificant aspects in this definition: intention types (“the why”) and misleading
manipulations (“the how”). However, to our knowledge, no study in the lit-
erature examines intention types and manipulation in disinformation together,
possibly due to a lack of quality annotated data. Therefore, we share with
the research community the Manipulation and Intention in Polish corpus of
Disinformative web articles: the MIPD dataset. The MIPD dataset sheds light
on the authors’ intention and manipulation techniques in disinformation. Our
high-quality open corpus, annotated by five professional fact-checkers and de-
bunkers, will provide a multifaceted understanding of disinformation. Initially,
we focus on Polish, the 5th most spoken language in the European Union [130].
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We chose this language because it is the largest of the V4 countries (Slovak Re-
public, Czech Republic, Poland, and Hungary), which have been particularly
vulnerable to disinformation in recent years due to the Russo-Ukrainian conflict
[131, 132].

4.1 Construction and Annotation of the MIPD Dataset

MIPD is a novel dataset that includes 15,356 web articles in Polish. In addi-
tion to the article content, the data we publish contains four annotations: (i)
whether an article is disinformative or credible; (ii) the intention types; (iii) the
manipulation techniques used in the article; (iv) the thematic category of the
article. Additionally, we publish the sources from which we derived our articles.
What distinguishes this corpus is its focus on uncovering the hidden malicious
intent and manipulation techniques within disinformative content. Each arti-
cle was annotated by experts using a multifaceted methodology. This resource
provides a foundation for benchmarking Polish Language Models on the task of
disinformation detection.

4.1.1 Annotation Process

We can break down our annotation process into four stages:
1. Methodology creation stage - professional annotators and researchers col-

laborated to develop a methodology for annotating articles.
2. Initial annotation stage - the most experienced specialist and the leader of the

annotators’ group trained other less experienced participants. In this initial
step, the annotators tested the methodologies on a small sample of articles.

3. Article annotation stage - each text was annotated independently by at least
two annotators. We included articles in our dataset if the annotations from
experts were the same. If not, the article passed to the fourth annotation stage.

4. Annotation consensus - if the evaluations of at least two experts did not
match, the annotators met and discussed their evaluations, seeking consensus.
The lack of consensus resulted in adding a hard-to-say label to an article. Article
with hard-to-say label was excluded from our dataset. The discussion and
development of consensus have always occurred during face-to-face meetings.

Additionally, our annotators divided the labeling phases into subject areas. They
labeled articles topic by topic. Each time, they underwent additional training
provided by the most experienced person in a specific thematic area before the
annotation process. The training ensured in-depth understanding and accurate
identification of disinformation.
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In order to ensure high-quality annotations, our annotation guidelines and
methodology were created by fact-checking and debunking experts. We em-
ployed five Polish native-speaker experts with at least three years of fact-checking
and debunking experience (on a one-year competitive salary). All debunking
experts working on the project were previously employed in debunking orga-
nizations with the accreditation of the International Fact-Checking Network1.
The same experts used the methodology to annotate the articles in MIPD. The
methodology described here is also an educational tool for students who wish
to learn how to detect disinformation.

The methodology is divided into five main steps:
1. Determining the article’s thematic category.
2. Evaluating the credibility of the article’s source and author (if known).
3. Determining the article’s main class: credible, disinformation, misinformation or

hard-to-say.
4. For disinformation, evaluating of manipulation.
5. For disinformation, evaluating of intention types and narratives.
Experts could return to previous steps and typically re-evaluate the main class
after a detailed investigation of an article suspected to contain disinformation.

4.1.2 Data Sources

We selected articles from more than 400 sources, each being freely available and
not requiring any subscription. Our articles partially come from general and
common news sources operating within the public sector, i.e., official sources
managed by the government and its institutions. We also incorporate articles
from alternative and independent opinion-oriented media, websites, and blogs
sharing scientific insights. Additionally, we collected articles from websites
containing conspiracy theories and Russian propaganda. The list of sources is
not exhaustive. We aimed to collect the least biased dataset possible. Therefore,
we focused on including the broadest spectrum of views and beliefs. We publish
our dataset and the sources from which we obtained the articles.

4.1.3 Thematic Category

Given a web article, we start with an initial content analysis and determine the
topic. Categorizing web articles into thematic domains enables future research
on distinct features and patterns within different disinformation topics. Our

1The International Fact-Checking Network gives accreditation to debunking organizations
that sign its code of principles. See https://www.poynter.org/ifcn/

https://www.poynter.org/ifcn/
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assessment allows us to classify the articles into one of 10 detailed thematic cat-
egories. We base our taxonomy of thematic categories on a prior analysis of the
work of fact-checking and debunking organizations, such as Snopes2, “Coun-
teracting Disinformation” Foundation3, Demagog4 Association, and Debunk
EU5. We consider the following categories (if created, acronym in parentheses):
COVID-19 (COVID), Migrations (MIG), LGBT+, Climate Crisis (CLIM), 5G, War in
Ukraine (WUKR), Pseudomedicine (PSMED), Women’s rights (WOMR), Paranormal
Activities (PA), News or Other (NEWS). The topics in our dataset significantly
overlap with the most significant disinformation topics published in the recent
EU DisinfoLab report [133].

4.1.4 Evaluation of Source Credibility

For each article, the experts evaluate the credibility of the article’s source (pub-
lishing portal or organization) and author (if known). Source and author cred-
ibility did not determine the overall evaluation of the article, but the experts
maintain a list of sources with their credibility evaluation. The experts used this
list to search for the next articles for evaluation. Sources were evaluated in three
classes: reliable, unreliable or mixed. Articles from unreliable sources could be
evaluated as credible, while articles from other sources could be evaluated as
disinformation.

4.1.5 Main Credibility Evaluation

Given a web article, annotators identify from its content whether it contains
disinformation, misinformation, or credible information. Annotators could also use
a fourth category hard-to-say.

In our annotation methodology, we adopt a disinformation definition pro-
vided by the European Commission’s HLEG group (see Section 4). Disinforma-
tion is intentionally misleading or false. Unlike disinformation, misinformation
is misleading information shared by people who do not recognize it as such [3].

We exclude articles with misinformation and hard-to-say labels from the primary
published dataset. In this study, we wanted to focus on a binary classification:
disinformation versus credible articles.

2Snopes
3Counteracting Disinformation
4Demagog
5Debunk EU

https://www.snopes.com
https://counteringdisinformation.org
https://demagog.org.pl
https://debunk.eu
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4.1.6 Manipulation Techniques

Debunking experts identify the usage of manipulation techniques in disinfor-
mative articles. The annotation of manipulation techniques is a multiclass mul-
tilabel problem. The following presents our taxonomy and short descriptions of
manipulation techniques adopted in our annotation methodology:
• Cherry Picking [CHP] Presenting information utilizing only data that sup-

ports a given hypothesis or argument, while ignoring the broader context
[134].

• Quote Mining [QM] Using a short fragment of someone’s longer speech in a
way that significantly distorts its original tone [135].

• Anecdote [AN]. The use of evidence in the form of personal experience or
an isolated case, possibly rumor or hearsay, most often to discredit statistics
[136].

• Whataboutism [WH]. Responding to a substantive argument not by address-
ing the heart of the matter, but by raising a new point that is unrelated to the
topic at hand. [137].

• Strawman [ST]. It involves distorting someone else’s argument in a way that
makes it easier to refute it. It is often done by attributing a stance to opponents,
who do not share it. [138].

• Leading Questions [LQ]. Flooding the recipient with a series of consecutive
suggestive questions or putting them together leads the recipient to a prede-
termined thesis [139].

• Appeal to Emotion [AE]. The use of words and phrases that are to arouse in
the recipient extreme emotion and attitude to the presented matter [140].

• False Cause [FC]. The individual employing this technique assumes a cause-
and-effect relationship solely based on the observed correlation [141].

• Exaggeration [EG]. The author overstates a phenomenon, making it appear
larger, better, or worse, or oversimplifies a phenomenon making it seem less
significant or smaller than it truly is [142, 86].

• Reference Error [RE]. In this technique, the author refers to fake experts,
propaganda statements made by politicians, anonymous entries published on
social media, or false quotes from famous people to authenticate the presented
thesis [143]. It may present false choices and false analogies.

• Misleading Clickbait [MC]. A technique involves giving a title to the text
that misrepresents or contradicts the content discussed within the article.
Title created with a purpose to attract attention [144].
Manipulation and persuasion techniques have a lot in common. Detection

of the latter has already been examined in previous studies, such as in work
done by Da San Martino et al. [86]. Manipulation can be seen as distinct from
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persuasion in that it is concerned not with changing individuals’ beliefs but with
inducing them into choices that the manipulator desires [29]. Therefore, we can
assume that a manipulation technique is always used with malicious intent,
which is also explored in our methodology and the MIPD dataset. On the other
hand, persuasion techniques can be used without malicious intent (for example,
persuading individuals to stop smoking or make other better health choices).

Our list of manipulation techniques includes techniques not considered in pre-
vious studies, e.g., in Da San Martino et al. [86], such as Cherry-Picking and Quote
Mining. More about taxonomy of manipulation techniques in MIPD dataset
available in Appendix A.1.

4.1.7 Malicious Intention Type

Debunking experts explore the intention types and narratives of creators of dis-
informative articles. Classifying the creator’s intention in disinformative articles
allows us to understand their characteristics and detect patterns in disinfor-
mation content. In our methodology, each intention corresponds to several
narratives. An intention is a generalization of a narrative that we can define
as a repeating pattern found in several disinformative articles [133]. Intention
encapsulates the broader goal of the author, which guides specific narratives
used to achieve that goal.

Figure 4.1 provides a breakdown of our taxonomy and brief explanations of the
intention types. The annotation of intention is a multiclass multilabel problem.

4.1.8 Impartiality and Bias Prevention

To avoid bias in the dataset, our methodology requires each article to be an-
notated independently by two experts. Due to the complexity and time cost
of the evaluation (the evaluation of a disinformative article took 30 minutes on
average), we could only assure two evaluations per article. Instead, in case of
disparity in an article’s annotations, the two evaluating experts attempted to
reach a consensus. We removed all articles that did not reach consensus from
our dataset. All article annotations in the dataset are the result of a consensus
between two expert annotators. During the consensus building, annotators dis-
cussed their interpretation of the methodology. Therefore, double verification
helped to avoid biases and human errors while also serving as a standardization
of the methodology’s application.
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Negating Scientific Facts [NSF]: Authors deny established scientific facts, such as challenging
the existence and severity of COVID-19, promoting alternative treatments, questioning the safety
of 5G, and denying the reality of climate change and human impact on the environment. The
objective is to create skepticism and erode public trust in scientific consensus.

Undermining the Credibility of Public Institutions [UCPI]: Authors try to erode trust in
public institutions by engaging in activities, i.e., discrediting pandemic control measures, reproach-
ing human rights violations, negating defense capabilities, and undermining strategies addressing
migration and climate crises. These actions weaken the trust and confidence in the reliability and
authority of government bodies and public organizations.

Challenging an International Organization [CIO]: Involves a deliberate effort to erode
confidence in international organizations like the EU, WHO, UN, and NATO by disseminating con-
tent that blames them for regional conflicts, accuses them of aggression against specific countries,
undermines defense capabilities, and discredits international climate agreements.

Promoting Social Stereotypes/Antagonisms [PSSA]: Authors promote social stereotypes
and antagonisms through tactics such as enhancing homophobia, transphobia, xenophobia (linked
to economic, security, and health aspects), religious conflicts, and anti-semitism.

Weakening International Alliances [WIA]: Authors disseminate false or misleading infor-
mation to undermine the strength and unity of partnerships between countries. The goal is to
create doubt among allied nations, undermining the trust and cooperation necessary for their
mutual security and strategic interests.

Changing Electoral Beliefs [CEB]: Authors influence public opinion, especially during elec-
tions. Authors with this intention capitalize on exploiting public sentiments surrounding sensitive
issues such as LGBT rights and migrations to sway voters, polarize opinions, and potentially impact
political decisions during elections.

Undermining International Position of a Country [UIPC]: Authors spread claims aimed at
deteriorating a nation’s global standing by accusing it of meddling in the political processes of other
countries. Authors may erode trust and confidence in the state’s governance and humanitarian
standards. It seeks to damage the state’s reputation on the international stage through unfounded
allegations.

Causing Panic [CP]: Authors spread false information to incite fear and unrest among the public.
This strategy exploits readers’ emotions to destabilize societal trust and order.

Raising Morale of a Conflict’s Side [RMCS]: Authors intend to boost the spirit and confidence
of a particular group involved in a conflict. It aims to positively influence supporter perceptions
and commitment towards their side’s objectives and actions.

Figure 4.1: Malicious intention types with a brief description. We give an acronym for
each intention in brackets.

4.1.9 Dataset Quality

We evaluate inter-rater reliability using a consensus measure. Consensus esti-
mates of inter-rater reliability assume that annotators can agree on their eval-
uations. It is most suited for nominal evaluations where different scale levels
represent qualitatively different ideas [145]. In our case, the main annotation
class includes categories: credible, disinformation, misinformation, and hard-to-say.
The difference between credible information and disinformation is complex to
describe. This complexity is evident in the subsequent steps of the methodology,
which aim to illustrate different aspects of disinformation. Similarly, evaluat-
ing manipulation techniques and intention types requires using qualitatively
different concepts for each rating level.
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Statistic PA CLIM COVID 5G LGBT+ MIG NEWS PSMED WUKR WOMR All
AV Gw 724 736 804 756 633 716 662 978 782 708 767
AV Gch 5,062 5,280 5,764 5,471 4,552 5,091 4,672 7,085 5,517 5,046 5,485
#DOC 1,046 1,011 6,049 1,048 1,036 1,030 1,033 1,013 1,026 1,064 15,356

Table 4.1: Data statistics per thematic category: average article length in number of
words (AVGw), average article length in number of characters (AVGch), number of articles
(#DOC). Acronyms in columns provide information about topic (see subsection 4.1.3)

Figure 4.2: Percentage of disinformative (DIS) and credible (CI) articles per thematic
category.

In total, 15,510 articles in our dataset had two independent annotations. After
the double independent annotations, experts attempted to establish consensus.
Our experts did not reach a consensus in 49 cases (we removed these 49 articles
from the dataset). The percentage of articles that reached consensus is 99.69%.
However, during the consensus-building process, annotators could agree that
the annotation should be hard-to-say. Experts placed 105 articles in that category.
We have removed these articles from the dataset, considering them as articles
that did not reach a consensus. Therefore, the final percentage of articles that
reached consensus as credible, disinformation, or misinformation is 99%.

4.2 Multi-Dimensional Data Analysis

In Table 4.1, we present some statistics per different thematic categories, such as
the number of articles, average number of words, and average number of char-
acters in the article. Figure 4.2 shows the percentages of articles with credible
information and disinformation per thematic category. We publish 10,359 cred-
ible articles and 4,997 articles with disinformation. Details about the number of
articles with specific intention type are presented in Table 4.2 and manipulation
techniques in Table 4.3.

We present in Figure 4.4 and Figure 4.3 the percentages of articles with spe-
cific manipulation techniques and intention types per thematic category. These
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NSF UCPI CIO PSSA WIA CEB UIPC CP RMCS
2879 1522 915 1887 296 294 113 96 122

Table 4.2: Number of articles per intention type.

CHP QM AN WH ST LQ AE FC EG RE MC
1526 125 442 426 434 127 909 915 2153 1108 177

Table 4.3: Number of articles per manipulation technique.

Figures show that neither manipulations nor intents are specific to the topic of
the articles. One may consider the Raising Morale of a Conflict’s Side intention
type specific to the War in Ukraine topic. Nevertheless, the RMCS could likely
be applicable when analyzing articles about other conflicts. In addition, we ob-
serve that a single manipulation technique can be used in articles with different
intention types. Furthermore, an article designed with a particular intention
may contain various manipulation techniques.

4.3 Experiments

Our experiments aim to test the data quality further and provide a baseline upon
which future works can build.

4.3.1 Models and GPU

Small Language Models. We fine-tuned two pre-trained Polish BERT-based
Language Models: HerBERT [146], and Polish RoBERTa [147]. We chose these
two models because they are the ones that perform best on the KLEJ6 Benchmark.
KLEJ Benchmark is a comprehensive benchmark for Polish Language Under-
standing [148]. We used the HerBERT-base (HerBERT-B) and Polish-RoBERTa-
v2-base (PL-RoBERTa-B) versions as well as the larger models: HerBERT-large
(HerBERT-L) and Polish-RoBERTa-v2-large (PL-RoBERTa-L) versions. As of
30.11.2025, these models are available on HuggingFace7 under the following
names:

• sdadas/polish-roberta-large-v2

• sdadas/polish-roberta-base-v2

6KLEJ Benchmark leaderboard accessed on 15th April 2024 https://klejbenchmark.com/
leaderboard/

7https://huggingface.co/models

https://huggingface.co/allegro/herbert-base-cased
https://huggingface.co/sdadas/polish-roberta-base-v2
https://huggingface.co/sdadas/polish-roberta-base-v2
https://huggingface.co/allegro/herbert-large-cased
https://huggingface.co/sdadas/polish-roberta-large-v2
https://klejbenchmark.com/leaderboard/
https://klejbenchmark.com/leaderboard/
https://huggingface.co/models


44 CHAPTER 4. BENCHMARKING MODELS ON POLISH DISINFORMATION DETECTION

Figure 4.3: Percentage of different intention types per thematic categories among articles
with malicious intention

• allegro/herbert-base-cased

• allegro/herbert-large-cased

For our computations to find the optimal hyperparameters and final fine-
tuning of the models, we used the NVIDIA L40 GPU.

Large Language Models. In addition, we decided to explore the efficacy of gen-
erative models in disinformation classification. Specifically, we experimented
with two OpenAI generative models that are accessible via their APIs: GPT-3.5
and GPT-48.

8Details on the models used: We utilized a snapshot of GPT-4 from June 13th, 2023, named
gpt-4-0613, and gpt-3.5-turbo-instruct, which has capabilities similar to GPT-3 era models.
The last access to these models was on 28th May 2024.
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Figure 4.4: Percentage of different manipulation techniques per thematic category
among articles with manipulation.

4.3.2 Experimental Setup

Small Language Models. We began our experiments by dividing the data into
train and validation in the proportions of 70%/30%. From the validation set, we
randomly selected about 30% of the data as a test dataset. At the end of data
preparation, we got datasets segmented into train/validation/test sets compris-
ing 10,749 articles for training, 3,086 for validation, and an additional 1,521 for
testing purposes. Next, we utilized our data and models to identify the optimal
hyperparameters for training the model for disinformation binary classification
and two multilabel multiclass tasks: manipulation and intention type classifica-
tion. We accomplished this by performing a hyperparameter search for various
learning rate values (ranging from 1e-6 to 1e-4) and weight decay (ranging from
0.005 to 0.2). Additionally, we implemented a linear warmup for the first 6% of
the training steps. Batch size was not tuned for optimal value. We assumed 16
for train and evaluation batch size. We performed hyperaprameters tuning for
all versions of chosen models. To check all optimal values for learning rate and
weight decay see Table 4.4. After fine-tuning models for text classification, we
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named the resulting models PolBERT when the base model was HerBERT, and
PolBERTa when the base model was Polish RoBERTa. Our fine-tuned models
are publicly available on HuggingFace under the MIPD collection9. Finally, we
used these trained models with optimal hyperparameters to predict the classes
of the provided test dataset.

Model Disinformation Manipulation Intention
lr wd lr wd lr wd

HerBERT-B 3e-5 0.1 1e-5 0.03 1e-5 0.2
PL-RoBERTa-B 2e-5 0.2 1e-5 0.1 3e-5 0.03
HerBERT-L 1e-5 0.03 1e-5 0.02 1e-5 0.03
PL-RoBERTa-L 1e-5 0.02 2e-5 0.01 2e-5 0.1

Table 4.4: Optimal hyperparameters (lr = learning rate, wd = weight decay) for all
MIPD tasks: disinformation detection, manipulation multilabel classification and intent
multilabel clasisfication.

Large Language Models. Our objective was to assess the ability of GPT-3.5 and
GPT-4 models to classify articles as containing disinformation using a zero-shot
classification approach. We employed two zero-shot strategies for each model:
one without defining disinformation and the other including the definition. The
definition we utilized was proposed by the HLEG established by the European
Commission (see introduction of the Chapter 4).

First, we randomly drew a sample of 10% of the articles from our entire dataset.
Then, we used a prompt to classify articles with generative models (our prompts
are available in Appendix A.2). We repeated these steps for two approaches: (i)
zero-shot classification with a disinformation definition included in the prompt;
(ii) and zero-shot classification without a definition. Finally, we calculated vari-
ous evaluation metrics, including F1 score over positive (disinformative) class.

4.4 Results

We computed results on test data that was unavailable during the fine-tuning
process. The final result is an average of metric scores produced by models
trained with five seeds. Tables 4.5, 4.7, and 4.8 show the final results with their
corresponding standard deviations.

9https://huggingface.co/collections/ArkadiusDS/mipd

https://huggingface.co/collections/ArkadiusDS/mipd
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Model Acc. Fw F 1

HerBERT-B 0.94 ± 0.004 0.94 ± 0.004 0.91 ± 0.007

HerBERT-L 0.95 ± 0.003 0.95 ± 0.003 0.93 ± 0.004

PL-RoBERTa-B 0.94 ± 0.005 0.94 ± 0.005 0.91 ± 0.008

PL-RoBERTa-L 0.96 ± 0.001 0.96 ± 0.001 0.93 ± 0.002

Table 4.5: Results for disinformation detection task. Table shows accuracy (Acc.),
weighted F 1 score (Fw), and F 1 score on test data for pre-trained Polish BERT-based
models. The results show the average metrics and their standard deviations, calculated
from five different seeds.

4.4.1 Polish Disinformation Detection

Small Language Models. Table 4.5 presents the results of four fine-tuned Pol-
ish BERT-based models on a disinformation detection task. This task was a
binary classification to distinguish between disinformative and credible articles.
Since the dataset is imbalanced, we adopted a weighted F 1 score as the primary
evaluation metric. Notably, all models demonstrate high effectiveness. Evalu-
ation metrics indicate minor variations across models. As for other evaluation
metrics, the PL-RoBERTa-L model stands out with the highest weightedF 1 score.

Large Language Models. Although our findings with LLMs are preliminary
and warrant further in-depth analysis, we present them to demonstrate the
potential of generative models in classifying disinformation.

Table 4.6 presents the result of these calculations. Our investigation reveals
that Polish BERT-based models fine-tuned on the MIPD dataset significantly
outperform chosen generative models: GPT-4 and GPT-3.5. The GPT models,
when applied in a zero-shot approach without a definition of disinformation,
achieved weighted F 1 scores of 0.84 for GPT-4 and 0.61 for GPT-3.5, respectively.
In the zero-shot approach with the given definition of disinformation, both
the GPT-4 and GPT-3.5 models improved their results. Nevertheless, these
results are inferior to any Polish BERT-based models. Our findings highlight the
effectiveness of HerBERT and Polish RoBERTa in handling Polish disinformation,
likely due to their specialized training and fine-tuning utilizing Polish datasets.
In contrast, the results of GPT models suggest that generative models may require
domain-specific fine-tuning to reach the performance of language-specific BERT
variants in the disinformation classification task.

4.4.2 Manipulation Techniques Detection

Table 4.7 provides the performance of fine-tuned selected models, detailing re-
sults across individual manipulation techniques. Moreover, we show the mod-
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Model Prompt Type Acc. Fw F 1

GPT-4 Without Definition 0.85 0.84 0.73
With Definition 0.86 0.86 0.77

GPT-3.5 Without Definition 0.60 0.61 0.51
With Definition 0.70 0.70 0.56

Table 4.6: Results of the disinformation detection task for GPT-4 and GPT-3.5, showing
accuracy (Acc.), F 1 score, and weighted F 1 score (Fw). The results present Zero-Shot
Classification with and without a definition of disinformation.

Model CHP QM AN WH ST LQ AE FC EG RE MC Fw

HerBERT-B 0.45 0.00 0.14 0.19 0.27 0.02 0.40 0.31 0.64 0.43 0.00 0.42
±0.01 ±0.00 ±0.05 ±0.03 ±0.03 ±0.05 ±0.02 ±0.01 ±0.01 ±0.01 ±0.00 ±0.006

HerBERT-L 0.48 0.00 0.36 0.30 0.30 0.00 0.44 0.37 0.66 0.50 0.08 0.47
±0.01 ±0.00 ±0.04 ±0.03 ±0.02 ±0.00 ±0.01 ±0.03 ±0.01 ±0.00 ±0.01 ±0.008

PL-RoBERTa-B 0.44 0.00 0.08 0.20 0.25 0.00 0.38 0.33 0.64 0.38 0.00 0.41
±0.02 ±0.00 ±0.08 ±0.03 ±0.03 ±0.00 ±0.01 ±0.02 ±0.01 ±0.01 ±0.00 ±0.011

PL-RoBERTa-L 0.46 0.00 0.39 0.26 0.28 0.00 0.45 0.38 0.67 0.48 0.15 0.47
±0.01 ±0.00 ±0.02 ±0.05 ±0.02 ±0.00 ±0.00 ±0.02 ±0.01 ±0.02 ±0.06 ± 0.003

Table 4.7: Results for manipulation techniques classification. Table shows F 1 scores for
pre-trained Polish BERT-based models in each manipulation type. Moreover, we present
a weighted F 1 score (Fw) for the overall task. The results show the average metrics and
their standard deviations, calculated from five different seeds. All evaluation metrics
were computed for test data.

els’ overall effectiveness in the task using a weighted F 1 score. The HerBERT-L
model and PL-RoBERTa-L performed best in this multilabel multiclass task.
PL-RoBERTa-L achieved the highest F 1 score for five manipulation techniques.
Importantly, Quote Mining, Leading Questions, and Misleading Clickbait were par-
ticularly challenging. Specifically, none of the models could detect the Quote
Mining technique. The decreased performance observed in classifying these
three techniques is likely due to their relatively rare occurrence in our dataset.

4.4.3 Malicious Intention Types Detection

In the task of intention classification, PL-RoBERTa-L exhibits the best results,
reaching a weighted F 1 score of 0.71. A closer examination of the perfor-
mance across distinct intention categories presented in Table 4.8 reveals that
PL-RoBERTa-L outperforms other models in 8/9 categories of intention types.
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Model UCPI CEB UIPC CIO WIA PSSA NSF CP RMCS Fw

HerBERT-B 0.56 0.19 0.31 0.52 0.46 0.69 0.81 0.22 0.42 0.65
±0.01 ±0.03 ±0.07 ±0.03 ±0.03 ±0.01 ±0.01 ±0.12 ±0.04 ±0.006

HerBERT-L 0.62 0.27 0.38 0.60 0.46 0.71 0.84 0.24 0.51 0.69
±0.01 ±0.05 ±0.04 ±0.01 ±0.03 ±0.01 ±0.01 ±0.08 ±0.05 ±0.006

PL-RoBERTa-B 0.56 0.17 0.38 0.55 0.48 0.67 0.81 0.25 0.46 0.65
±0.02 ±0.01 ±0.04 ±0.02 ±0.02 ±0.00 ±0.01 ±0.06 ±0.04 ±0.009

PL-RoBERTa-L 0.62 0.30 0.37 0.63 0.49 0.74 0.86 0.27 0.56 0.71
±0.01 ±0.02 ±0.05 ±0.01 ±0.01 ±0.01 ±0.00 ±0.07 ±0.04 ±0.005

Table 4.8: Results for malicious intention type classification. Table shows F 1 scores for
pre-trained Polish BERT-based models in each intention type. Moreover, we present a
weighted F 1 score (Fw) for the overall task. The results show the average metrics and
their standard deviations, calculated from five different seeds. All evaluation metrics
were computed for test data.

4.5 Discussion

This chapter introduced MIPD, a multifaceted corpus of Polish disinformation.
MIPD enables deeper analysis of misleading content and captures dimensions
such as manipulation techniques and malicious intent types, rather than reduc-
ing disinformation to a binary classification. This design reflects the theoretical
view that disinformation is deliberately misleading information.

A key aspect of MIPD is its focus on annotation quality and methodological
rigor. Annotation guidelines were created with professional fact-checkers and
debunking experts. Experienced specialists from accredited organizations an-
notated the dataset to ensure data quality and consistency. This expert-driven
process enhances annotation reliability. By releasing the dataset and methodol-
ogy, this work provides a reusable framework adaptable to other languages.

The experimental results obtained using MIPD provide several insights into
current disinformation detection approaches. Fine-tuned Polish BERT-based
models achieve strong performance across all tasks, including binary disinforma-
tion detection and the more challenging multilabel classification of manipulation
techniques and intention types. In contrast, experiments with large language
models in a zero-shot setting, namely GPT-4 and GPT-3.5, show substantially
lower performance on Polish data. This gap suggests that, despite their general
reasoning capabilities, supervised and fine-tuned approaches remain crucial for
disinformation detection in non-English languages.

While MIPD focuses on Polish, the underlying annotation framework and
conceptual distinctions are not language-specific. Extending this approach to
additional languages and cultural contexts would allow for further development
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of disinformation research in Natural Language Processing. As such, MIPD
serves not only as a standalone resource but also as a foundation for broader
research on English disinformation in subsequent chapters of this dissertation.



5 Persuasion-Augmented
Reasoning for Disinformation
Detection

This chapter presents contributions C2.1 and C2.2 described in Section 1.3.
The chapter is based on the following published paper:
Arkadiusz Modzelewski, Witold Sosnowski, Tiziano Labruna, Adam Wierzbicki,
and Giovanni Da San Martino. 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 (ACL
2025).

The growing accessibility of digital media, coupled with reduced funds for
traditional fact-checking efforts and the rise of alternatives like Birdwatch on
Platform X (formerly Twitter), underscores the urgent need for complementary
disinformation detection systems [149, 150]. Traditional supervised detection
methods, which rely on human-annotated data, face challenges in generalization
and the scarcity of labeled data. This reinforces the need for zero-shot detection
systems.

A critical aspect of disinformation is its coexistence with manipulation and per-
suasion to mislead audiences [17, 12]. Psychological studies show that teaching
individuals to recognize persuasive fallacies improves their ability to distinguish
between real and fake news [151]. Building on this, we explored whether in-
fusing knowledge of persuasion into generative LLMs enhances disinformation
detection.

As a result, we present Persuasion-Augmented Chain of Thought (PCoT), a
novel zero-shot method leveraging persuasion signals to improve disinforma-
tion detection that more effectively addresses generalization and annotated data
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Figure 5.1: The comparison between detecting disinformation with LLMs in a simple
zero shot setting and detecting with PCoT and infused knowledge about persuasion.

scarcity challenges compared to supervised models. PCoT operates through a
two-stage process where the LLM first identifies and analyzes persuasion within
a given text, using infused knowledge. This analysis is then utilized in subse-
quent reasoning to determine the presence of disinformation. By augmenting
models’s decision-making process with persusion knowledge, PCoT achieves
significant gains in detection performance across multiple datasets.

We conducted experiments on five datasets covering fake news and social
media disinformation to evaluate our method rigorously. We evaluated PCoT
on two novel datasets, MultiDis and EUDisinfo, which contain up-to-date articles
from 2024 onwards, ensuring they were not part of the pretraining data for any
tested LLMs. The Multitopic Disinformation is a high-quality dataset developed
with fact-checking experts with prior experience in debunking organizations
accredited by the International Fact-Checking Network. For a comprehensive
evaluation, we also used three publicly available datasets containing texts before
the knowledge cutoff of all tested models.

For evaluation, we selected three top-performing methods on zero-shot disin-
formation detection from Lucas et al. [13] and adapted them to incorporate our
PCoT approach. Using five different LLMs, we demonstrate that PCoT delivers
significant performance improvements over chosen competitive methods.
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5.1 Datasets Used for Experiments

To ensure robust performance of our method across diverse data conditions and
inspired by the work of Lucas et al. [13], we designed our evaluation to address
potential dataset overlap with LLMs pretraining. We tested our method on two
dataset types: (i) prior-cutoff datasets, which may contain pretraining content,
and (ii) two novel datasets of articles published after the models’ knowledge
cutoff. This setup enables a rigorous evaluation of our PCoT method on potential
pretraining content and entirely new information. Moreover, we evaluated our
method on social media posts versus longer articles, such as news.

5.1.1 Existing Datasets Used for Experiments

The following datasets, published before January 1, 2024, may overlap with the
models’ training data and are regarded as Prior-Cutoff Datasets.
• CoAID – A dataset for COVID-19 misinformation detection, comprising 4k+

news articles and 1k+ social posts, all annotated with ground-truth labels
[152].

• ISOT Fake News – A dataset of 44k+ fake and truthful articles from reputable
and unreliable sources, identified via Politifact1 [153, 154].

• ECTF – An extended version of CTF [155] for detecting fake news on Platform
X about COVID-19, with additional data to improve early-stage detection
[156].

5.1.2 MultiDis Dataset

The Multitopic Disinformation Dataset comprises nearly 2,000 English articles
on European and global disinformation. It has been created by researchers from
multiple European universities to support disinformation detection research. It
is one of the two datasets that in our study is categorized as Post-Cutoff Dataset.

Data Sources and Collection. We selected diverse sources to ensure access
to both reliable and unreliable content, categorizing each as Reliable, Unreliable,
or Mixed. A team of experts evaluated sources through consensus, thoroughly
analyzing the source’s regularly published content and cross-checking with es-
tablished tools (e.g., Media Bias/Fact Check). The assigned categories were not
revealed to annotators to prevent biases toward sources.

The MultiDis dataset includes a variety of sources: global news agencies,
regional publications, thematic platforms, fact-checking organizations, and in-

1PolitiFact is a nonprofit fact-checking project by the Poynter Institute.
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dependent media. All used 44 distinct sources are freely accessible. To ensure
transparency, we make these sources publicly available.

Annotation Methodology and Guidelines. The annotation process involved
four key stages:
1. Methodology and Data Preparation – Researchers, fact-checking and de-

bunking experts developed a robust methodology and guidelines before col-
lecting a database of articles.

2. In-Depth Training – A three-day hybrid training led by the most experienced
fact-checking expert aimed to deliver in-depth on-site training to all European
teams while ensuring accessibility for remote annotators. Each team was
assigned two supervisors, usually a disinformation researcher. The training
concluded with an initial annotation round, reviewed and discussed by a
fact-checking expert. These preliminary annotations were excluded from the
final dataset to maintain high quality.

3. Article Annotation – Independent annotation by a less experienced annotator
and a supervisor.

4. Final Evaluation – The supervisor reviewed both annotations and resolved
disagreements through discussion when necessary. A senior fact-checking
expert contributed when needed. If consensus was unattainable, the article
was labeled Hard-to-say.

Appendix A.3 shows details about annotation guidelines used to create MultiDis.

Thematic Category. Before detailed analysis, articles were manually assigned
to one of eight thematic categories. The selection of these topics was informed
by the EU DisinfoLab report2 [133]. The categories are: (i) Anti-Europeanism and
Anti-Atlanticism; (ii) Anti-migration and Xenophobia; (iii) Climate Change and the
Energy Crisis; (iv) Health; (v) Institutional and Media Distrust; (vi) Gender Issues;
(vii) Ukraine War and Refugees; (viii) LGBT+. Table 5.1 shows the distribution
of articles by thematic category in the MultiDis dataset. Annotators, during
the first credibility evaluation, could label articles as Inconsistent with the topic,
excluding them from further analysis to ensure high-quality topic assignments.

Credibility Annotation. Annotators assessed each article using a debunking
technique, auxiliary complemented by fact-checking, as defined by the NATO
Strategic Communications Centre of Excellence [157].

2The EU DisinfoLab’s report, grounded in expert research from 20 countries across Europe,
guarantees high quality and credibility.

https://www.disinfo.eu/publications/connecting-the-disinformation-dots/


5.1. DATASETS USED FOR EXPERIMENTS 55

Category #DOC #PERC

Anti-Europeanism & Anti-Atlanticism 219 11.4%
Anti-migration and Xenophobia 117 6.1%
Climate Change and the Energy Crisis 324 16.9%
Health 285 14.8%
Institutional and Media Distrust 317 16.5%
Gender Issues 97 5.0%
Ukraine War and Refugees 361 18.8%
LGBT+ 202 10.5%

Table 5.1: Number of articles (#DOC) per thematic category and their (#PERC) percent-
age in MulitDis dataset.

Given an article, annotators analyze its content to determine whether it belongs
to one of four categories. The main categories in our guidelines are: Credible In-
formation, Disinformation, with the latter following the European Commission’s
High-Level Expert Group: Disinformation is false, inaccurate or misleading infor-
mation designed, presented, and promoted to intentionally cause public harm or for
profit [3]. This definition has also been adopted in other disinformation studies
[17, 6]. Two additional labels, Hard-to-say and Inconsistent with the Topic, were
respectively assigned to articles where annotators did not reach a consensus or
where the content did not match the assigned topic. Articles labeled with these
or published before January 2024 were excluded from experiments.

Annotation and Data Quality Control. Our guidelines require each article to
be annotated independently by two experts to minimize bias. Given the time
demands of the annotation process, only two independent evaluations per article
were guaranteed. Supervisors provided the third final annotation by reviewing
the two previous annotations. However, supervisors were instructed to resolve
uncertainties through discussions, and the lead fact-checking expert provided
clarification when needed. These discussions helped ensure consistency among
annotators and reduced human errors and bias. We achieved full agreement
in the first two rounds for 86.78% of articles, with the remainder undergoing a
more detailed third analysis.

Note: We publicly release the complete dataset, including annotations from all
three rounds.
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5.1.3 EUDisinfo Dataset

We introduce the EUDisinfo dataset, collected with usage of the EUvsDisinfo
database3, which comprises 18,464 disinformation cases4. EUvsDisinfo is an
EU initiative dedicated to identifying, analyzing, and countering pro-Kremlin
disinformation. Each entry concisely summarizes a disinformation case, along
with links to the original misleading content and credible sources debunking
the claims. Since EUvsDisinfo provides predefined evaluation for each disin-
formation case as either credible or disinformation, we did not conduct additional
annotation. The EUvsDisinfo database comprises articles published in multiple
languages, some previously analyzed in Leite et al. [158]. However, as all articles
in that study date before 2024, this dataset was unsuitable for our research. To
address this limitation, we independently curated a collection of approximately
400 English articles published in 2024 or later.

To collect English news article content, we leveraged the Trafilatura tool [159],
which efficiently scrapes web content while preserving article structure. Addi-
tionally, we employed Selenium [160] to navigate and extract HTML pages and
Beautiful Soup 4 [161] to parse article content.

5.1.4 MultiDis and EUDisinfo Analysis and Statistics

Table 5.2 presents the percentage of articles per main credibility category in our
two datasets. Moreover, Table 5.3 reports the number of articles within the three
credibility categories in MultiDis dataset: Credible Information, Disinformation,
and Hard-to-say. Additionally, Table 5.3 includes articles labeled as Inconsistent
with the Topic. Articles in this category were excluded from further analysis.
Similar statistics for the EUDisinfo dataset are presented in Table 5.4, which
includes only two categories: Credible Information and Disinformation.

Category MultiDis EUDisinfo
Credible Information 65.3% 67.1%
Disinformation 32.8% 32.9%

Table 5.2: Percentage of articles per main credibility category in MultiDis and EUDisinfo
datasets.

3https://EUvsDisinfo.eu/disinformation-cases/
4Database size recorded as of February 11, 2025.

https://EUvsDisinfo.eu/disinformation-cases/
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Category #DOC #PERC

Credible Information 1256 65.3%
Disinformation 630 32.8%
Hard-to-say 18 0.95%
Inconsistent with the Topic 18 0.95%

Table 5.3: Number of articles (#DOC) per each credibility evaluation category and their
(#PERC) percentage in MultiDis dataset.

Category #DOC #PERC

Credible Information 241 67.1%
Disinformation 118 32.9%

Table 5.4: Number of articles (#DOC) per main credibility evaluation category and their
(#PERC) percentage in the EUDisinfo test dataset.

5.2 Proposed PCoT Method

In this section, we introduce the Persuasion-Augmented Chain of Thought
(PCoT) method, which leverages persuasion to enhance zero-shot disinformation
detection using generative LLMs.

Empirical studies have shown that persuasion is an integral part of disin-
formation [12]. Insights from psychological research highlight the potential of
leveraging persuasion knowledge to more effectively discern between fake and
credible news [151]. Inspired by this, we propose the Persuasion-Augmented
Chain of Thought. The PCoT method employs a two-stage reasoning process that
improves LLM’s disinformation detection by persuasion knowledge infusion.

In the first stage, an LLM is prompted to perform multi-faceted reasoning by
analyzing persuasion strategies (see section 2.2.2) within the text. The second
stage performs the disinformation detection task, enriched by the previously
generated analysis of persuasion strategies. Figure 5.1 presents a simplified
comparison between traditional zero-shot disinformation detection using LLMs
and our PCoT method. Final prompt templates for each stage of our PCoT
method are available in Appendix A.4.

5.2.1 Persuasion Detection Step

In the first stage LLM performs multifaceted reasoning by tackling the multi-
class, multi-label task of detecting persuasion strategies, along with contextual
question answering by explaining persuasion usage within each text. The per-
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suasion detection task can be formally represented as follows: The model M
takes as input the text T , the impersonation IP , the infused knowledge KP

and guidelines GP . Here, IP establishes the context and overrides alignment
tuning, while KP encapsulates knowledge about a predefined set of high-level
persuasion strategies P , and guidelines GP that determine the task and specify
the structure of the expected response. This combined input is represented
as X = (T, IP ,KP , GP ), where the set of persuasion strategies is given by
P = {p1, p2, . . . , pk}. For each text, the model generates an output in a structured
textual format that can be decoded into a JSON-like dictionary. This output con-
tains, for each persuasion strategy pi ∈ P , two components: a binary label ypi
(‘Yes’ or ‘No’) indicating the presence of pi in the text, and an explanation Epi

justifying the prediction. The output can be formally expressed as:

AT = {pi : (ypi , Epi) | pi ∈ P}. (5.1)

The model M generates the output AT by leveraging the combined input X ,
capturing both the text and infused persuasion knowledge:

AT ∼ M(T, IP ,KP , GP ). (5.2)

This stage leverages the capabilities of generative LLMs to integrate knowledge
about persuasion into the reasoning process. The rationale for our approach is
based on the observations that explanations can enhance the robusteness of the
final prediction [162], and that previous works have shown that incorporating
explanations can improve zero-shot classification performance [163].

5.2.2 Disinformation Detection Step

In the final stage of the PCoT method, LLM performs zero-shot binary classi-
fication on each input text. Formally, the model M evaluates the input text T
to detect disinformation. It processes the combined input X = (T, ID, AT , GD),
where ID defines the impersonation that establishes the context, AT provides
the persuasion analysis from the first stage of PCoT, and GD defines the task and
specifies the structure of the expected response. The model then generates the
output, YT indicating whether T contains disinformation (‘Yes’ or ‘No’).

YT ∼ M(T, ID, AT , GD). (5.3)

We explored the zero-shot setting as many studies have shown that zero-shot
prompting of LLMs like GPT-4 can outperform supervised models like BERT in
detecting disinformation [65, 66, 67]. In addition, Lucas et al. [13] demonstrated
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that fine-tuning BERT on different datasets and testing on unseen data leads to
worse performance than zero-shot with LLMs. We confirm these findings on
our data in one of the following sections, specifically section 5.5.1.

5.3 PCoT Design, Experiments and Evaluation

5.3.1 Experimental Setup for PCoT

We created five test sets by randomly selecting texts from each dataset. To
evaluate our PCoT method’s ability to detect disinformation in data unseen by
LLMs, we used two novel test sets, MultiDis and EUDisinfo. These test sets
contain only articles published from 2024 onward, ensuring that the content was
not part of any LLM training data. Each test set contained 400-500 articles or
posts. Table 5.5 presents the class distribution of Disinformation and Credible
Information across the five test datasets. In addition, Table 5.6 shows the same
distribution across different content categories and time-based splits, indicating
that social media posts and prior cutoff texts contain a higher proportion of
disinformation.

Dataset Disinformation Credible Information

CoAID 21% 79%
ECTF 41% 59%
EUDisinfo 33% 67%
ISOT Fake News 55% 45%
MultiDis 26% 74%

Table 5.5: Class distribution across evaluation datasets. The proportions reflect the na-
ture of each dataset and its composition regarding disinformation and credible content.

Category Disinformation Credible Information

All Texts 35% 65%
Articles 33% 67%
Social Media Posts 41% 59%
Prior Cutoff 39% 61%
Post Cutoff 29% 71%

Table 5.6: Class distribution by text type and time period. Social media and pre-cutoff
texts show a higher share of disinformation compared to articles and post-cutoff samples.

We conducted all experiments on five different LLMs: GPT 4o Mini, Llama 3.1
8B, Claude 3 Haiku, Llama 3.3 70B, and Gemini 1.5 Flash. To ensure the most de-
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terministic results possible, we set the hyperparameter temperature to 0 in each
model. We aimed to include widely recognized, state-of-the-art models from
the largest available while ensuring they remain affordable. We also selected
two open-weight models to demonstrate that our method can be applied with-
out access to closed models through APIs. Additionally, we chose the smaller
Llama 3.1 with 8B parameters to ensure that our method could be applied to
models that do not require costly infrastructure. Table 5.7 lists the Large Lan-
guage Models used in our experiments, detailing their knowledge cutoff dates,
access methods, licenses, and sizes. The knowledge cutoff dates confirm that
our datasets, MultiDis and EUDisinfo, which contain articles from 2024 onward,
were not part of the models’ pretraining.

API Model Name Cutoff Access Details License Size

gpt-4o-mini 10.2023 OpenAI API 02.2025 COMM N/A
gemini-1.5-flash 11.2023 Google API 02.2025 COMM N/A
claude-3-haiku-20240307 08.2023 Anthropic API 02.2025 COMM N/A
meta-llama/Llama-3.3-70B-Instruct-Turbo 12.2023 DeepInfra API 02.2025 ML3COM 70B
meta-llama/Meta-Llama-3.1-8B-Instruct 12.2023 DeepInfra API 02.2025 ML3COM 8B

Table 5.7: Large Language Models used in our experiments. The column Cutoff denotes
the training-data knowledge cutoff date for each model. Model sizes for commercial
models were not disclosed, so we list "N/A". In the License column, “COMM” stands
for Commercial, and “ML3COM” stands for Meta Llama 3 Community.

PCoT was evaluated using the F1 score. To assess the significance of its dif-
ference from competitive methods, we used McNemar’s test, which suits binary
tasks comparing two methods on the same dataset [164, 165]. This statistical test
has been widely applied in NLP [166, 167].

5.3.2 Persuasion Detection Step

To enhance first stage of the PCoT method we designed prompts that explicitly
infuse knowledge about persuasion. This knowledge is grounded in the taxon-
omy proposed by Piskorski et al. [28, 72], which organizes persuasion techniques
into six high-level strategies: Attack on reputation, Justification, Simplification, Dis-
traction, Call, and Manipulative wording (see section 2.2.2 for definitions). The
taxonomy was developed by researchers at the Joint Research Centre (JRC) of
the European Commission and is accompanied by publicly available, expert-
annotated datasets. These resources have been extensively used in prior work,
including multiple shared tasks on persuasion detection at the International
Workshop on Semantic Evaluation [32, 33]. Leveraging this well-established
taxonomy enables a rigorous evaluation of the first stage of PCoT using reliable
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ground truth data. Moreover, to our knowledge, it remains the only high-quality
persuasion taxonomy that has been systematically applied to longer-form news
articles, which constitute a central component of our experimental setup.

Method F1 Micro

DMT ↑9% 0.722 ±0.035

DTAT ↑4% 0.689 ±0.042

Base MT 0.664±0.030

Table 5.8: Average F1 micro (±std, over five LLMs) for three methods evaluated in the
first stage of the PCoT method. Percentage changes are computed relative to the Base
MT method. The DMT variant is selected as the final best-performing method for this
stage.

To develop the most effective prompt for detecting persuasive strategies, we
conducted extensive experiments on the SemEval 2023 dataset [32], using 536
English news articles with ground truth on persuasion strategies and five LLMs.
We used F1 micro as the evaluation metric for this stage, following its use in a
closely related task at SemEval 2023 [32].

We tested various prompts, including:
• Detailed Multitask (DMT) - a single prompt for detecting all strategies and

their explanations. Prompt with infused knowledge about persuasion strate-
gies and their definitions (see section 2.2.2, ), and the specific techniques with
definitions (see Appendix A.5) that fall under each strategy. These techniques
are categorized according to the taxonomy proposed by Piskorski et al. [28, 72].

• Detailed One Task At a Time (DTAT) - individual prompts for binary detection
and explanations per strategy, infusing the same knowledge as DMT but
divided into six parts as there are six persuasion strategies.

• Base Multitask - our baseline single prompt for detecting all strategies. It does
not incorporate persuasion knowledge but simply lists strategy names and
prompts identification of those present in the text. This served as our starting
point.

As shown in Table 5.8, the DMT method achieved the highest F1 micro score,
outperforming our baseline prompt by 9%. In addition, we decided to evaluate
futher approaches:
• Multitask (MT) - In this approach, we used a single prompt that included

the names and definitions of persuasion strategies, as outlined by Pisko-
rski et al. [72] and showed in section 2.2.2. This zero-shot method guided
the LLM in classifying persuasion strategies across multiple labels and cat-
egories. Furthermore, we instructed the model to provide explanations for
each classification decision.
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• One Task at a Time (TAT) - In this approach, we used a separate prompt for each
persuasion strategy, treating each as a binary classification task. This approach
resulted in six distinct prompts, each focusing on a specific persuasion strategy
from Piskorski et al. [72]. Each prompt included only the name and definition
of a single strategy, as listed in section 2.2.2. Additionally, we asked the model
to explain each classification decision related to the corresponding persuasion
strategy.

• One Task at a Time with Broad Knowledge (TATB) - This approach is similar
to the TAT method but with a broader scope. Instead of providing knowledge
about a single persuasion strategy per prompt, we used six distinct prompts,
each containing knowledge about all the persuasion strategies. However, the
LLM was still tasked with detecting and analyzing only one specific strategy
within each prompt, treating it as a binary classification task.
Table 5.9 presents the average results per each persuasion strategy for pre-

sented approaches. It includes the overall average performance in detecting
persuasion strategies and the results for each persuasion strategy. The Detailed
Multitask method outperformed the others in the average performance over all
persuasion strategies detecting persuasion. As a result, DMT was used in the
first stage of our final PCoT method. Our experiments revealed important find-
ing that: Using a single prompt to identify all persuasion strategies was more effective
than separate prompts for each strategy’s binary classification.

Approach AR J S D C MW Average
MT 0.6407 0.6616 0.6198 0.7537 0.6366 0.7813 0.6823

± 0.130 ± 0.031 ± 0.022 ± 0.090 ± 0.046 ± 0.093 ± 0.069
DMT 0.7368 0.6710 0.6290 0.7082 0.6326 0.8440 0.7036

± 0.103 ± 0.044 ± 0.028 ± 0.104 ± 0.046 ± 0.058 ± 0.081
TAT 0.6522 0.6489 0.5940 0.5153 0.6541 0.7276 0.6320

± 0.143 ± 0.041 ± 0.026 ± 0.188 ± 0.011 ± 0.217 ± 0.065
DTAT 0.6963 0.6896 0.5985 0.4810 0.6407 0.8045 0.6518

± 0.086 ± 0.013 ± 0.028 ± 0.147 ± 0.023 ± 0.100 ± 0.109
TATB 0.6455 0.6437 0.5851 0.5269 0.6299 0.6858 0.6195

± 0.133 ± 0.045 ± 0.047 ± 0.248 ± 0.058 ± 0.225 ± 0.056

Table 5.9: The table presents F1 scores for each persuasion strategy (shortcuts presented
in section 2.2.2) and approach. Standard deviations, calculated from the results across
five different LLMs, are provided below their corresponding scores. The final approach
used in the PCoT method is the best-performing DMT.

The persuasion detection step provides an analysis that includes binary labels
and explanations. These explanations further improves reasoning of models in
terms of disinformation detection. To assess the impact of these explanations, we
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also evaluated PCoT without them. Testing PCoT without explanations showed
that including LLM-generated insights improved performance by average of 1.6
percentage points. Table 5.10 presents a comparative analysis of PCoT with and
without persuasion strategy explanations across various models.

model Explanation F1 Score

GPT 4o mini Yes 0.841
No 0.830

Gemini 1.5 Flash Yes 0.817
No 0.798

Claude 3 Haiku Yes 0.789
No 0.771

Llama 3.3 70B Yes 0.844
No 0.842

Llama 3.1 8B Yes 0.785
No 0.756

Average Yes 0.815
No 0.799

Table 5.10: Results for PCoT with usage of explanation for each persuasion strategy and
without explanation.

The impact of explanations varies, with the most significant improvement ob-
served in the smallest open-weight model, Llama 3.1 8B, while Llama 3.3 70B
shows minimal change. We observe a consistent average improvement when us-
ing explanations. Since inference is conducted with a temperature of 0, making
the results more stable and reproducible, this further reinforces the importance
of explanations. Notably, the benefits are most pronounced for smaller mod-
els, underscoring the value of explanations in enhancing their disinformation
detection performance. As a result of our analysis and performance gains, we
decided to include explanations as they further enhance reasoning of models in
disinformation detection.

This step of persuasion strategies detection and explanation establishes the
foundation for the second stage of PCoT by analyzing the persuasion signals
present in the input text.

5.3.3 Disinformation Detection Step

For disinformation detection stage, we selected three top-performing competi-
tive methods based on an extensive evaluation by Lucas et al. [13], specifically
those that excelled on human-annotated datasets [152, 60]. We outline the three
methods below:



64
CHAPTER 5. PERSUASION-AUGMENTED REASONING FOR DISINFORMATION

DETECTION

• VaN - A vanilla prompt serving as a fundamental baseline, offering concise
instructions to LLMs [13].

• Z-CoT - Extends VaN with a prompt encouraging step-by-step reasoning, in-
spired by Kojima et al. [168]’s findings on zero-shot reasoning.

• DeF-SpeC - Emphasizes contextual, deductive, and abductive reasoning [13],
addressing LLM limitations in inductive and multi-step reasoning [66].

The chosen competitive methods served as baselines, allowing us to evaluate
the effectiveness of PCoT. We then adapted these methods to our PCoT approach
by modifying prompts to incorporate persuasion analysis from the first stage.
This approach enabled us to determine whether the PCoT method is sensitive
to prompt variations or exhibits consistent behavior. For a rigorous evaluation,
we conducted experiments on five datasets covering various themes and genres,
such as news and social media posts. The diverse selection of datasets allows us
to assess PCoT’s generalizability.

To demonstrate the need for two-stage PCoT, we tested a more straightforward
single-step approach, where LLMs analyzed persuasion and detected disinfor-
mation simultaneously. As shown in Table 5.11 single-step PCoT outperformed
the baseline by 8%, while the two-stage method provided an additional signifi-
cant 7% improvement.

Method F1 Score

PCoT ↑15% 0.815 ±0.027

PCoT Single Step ↑8% 0.765 ±0.072

Base 0.711±0.055

Table 5.11: Average F1 (±std, over five LLMs) for PCoT (two-stage) and PCoT Single
Step, which uses one prompt for simultaneous persuasion analysis and disinformation
detection. Percentage changes are computed relative to the Base method.

5.4 Results and Discussion

5.4.1 General Overview

The results of our experiments, presented in Table 5.12, compare the performance
of our PCoT method with baseline approaches. PCoT significantly improves per-
formance, achieving an average F1 score of 0.815, about a 15% improvement over
the baselines. To evaluate the statistical significance of PCoT, we conducted Mc-
Nemar’s test comparing each prompting method to its PCoT-adjusted counter-
part across various language models. The results, presented in Table 5.13, show
that PCoT consistently improves performance at the 0.01 significance level across
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Overall Articles Posts Prior Cutoff Post Cutoff

Base PCoT Base PCoT Base PCoT Base PCoT Base PCoT

GPT 4o Mini
VaN 0.759 0.845 ↑11% 0.788 0.885 ↑12% 0.700 0.762 ↑9% 0.742 0.830 ↑12% 0.790 0.874 ↑11%
Z-CoT 0.765 0.846 ↑11% 0.801 0.884 ↑10% 0.696 0.767 ↑10% 0.747 0.835 ↑12% 0.801 0.869 ↑8%
DeF-SpeC 0.772 0.834 ↑8% 0.816 0.867 ↑6% 0.690 0.766 ↑11% 0.742 0.813 ↑10% 0.832 0.875 ↑5%

Gemini 1.5 Flash
VaN 0.681 0.810 ↑19% 0.673 0.843 ↑25% 0.695 0.748 ↑8% 0.683 0.778 ↑14% 0.679 0.875 ↑29%
Z-CoT 0.689 0.808 ↑17% 0.681 0.838 ↑23% 0.703 0.752 ↑7% 0.670 0.777 ↑16% 0.687 0.872 ↑27%
DeF-SpeC 0.744 0.834 ↑12% 0.764 0.876 ↑15% 0.708 0.754 ↑6% 0.721 0.810 ↑12% 0.790 0.884 ↑12%

Claude 3 Haiku
VaN 0.710 0.797 ↑12% 0.714 0.820 ↑15% 0.702 0.747 ↑6% 0.728 0.797 ↑9% 0.677 0.796 ↑18%
Z-CoT 0.588 0.774 ↑32% 0.601 0.800 ↑33% 0.550 0.716 ↑30% 0.565 0.767 ↑36% 0.626 0.786 ↑26%
DeF-SpeC 0.780 0.795 ↑2% 0.806 0.810 ↑0% 0.727 0.763 ↑5% 0.809 0.812 ↑0% 0.727 0.766 ↑5%

Llama 3.3 70B
VaN 0.740 0.845 ↑14% 0.747 0.881 ↑18% 0.727 0.768 ↑6% 0.733 0.839 ↑14% 0.752 0.856 ↑14%
Z-CoT 0.722 0.843 ↑17% 0.725 0.878 ↑21% 0.718 0.770 ↑7% 0.707 0.837 ↑18% 0.750 0.855 ↑14%
DeF-SpeC 0.732 0.832 ↑14% 0.740 0.863 ↑17% 0.717 0.768 ↑7% 0.719 0.806 ↑12% 0.755 0.880 ↑17%

Llama 3.1 8B
VaN 0.627 0.792 ↑26% 0.565 0.802 ↑42% 0.736 0.773 ↑5% 0.649 0.788 ↑21% 0.585 0.801 ↑37%
Z-CoT 0.660 0.791 ↑20% 0.623 0.804 ↑29% 0.725 0.764 ↑5% 0.670 0.789 ↑18% 0.638 0.795 ↑25%
DeF-SpeC 0.697 0.773 ↑11% 0.688 0.784 ↑14% 0.712 0.752 ↑6% 0.683 0.767 ↑12% 0.724 0.785 ↑8%

Average 0.711 0.815 ↑15% 0.715 0.842 ↑18% 0.700 0.758 ↑8% 0.705 0.803 ↑14% 0.721 0.838 ↑16%

Table 5.12: Results with F1 scores for five LLMs. The Base columns shows the competitive
method results, while the PCoT columns presents results for prompts adapted to the
PCoT method. McNemar’s test confirmed that, across all models and methods, PCoT
achieves significantly better results on Overall data at the 0.01 significance level.

all models and methods in overall evaluation. However, certain cases, such as
experiments on posts for Llama 3.1 8B and experiments on articles for Claude
3 Haiku for DeF-Spec method, exhibit non-significant differences. McNemar’s
test confirmed that, almost across all models and methods, PCoT consistently
achieves significantly better results on overall data at the 0.01 significance level.

PCoT significantly improves disinformation detection across various scenar-
ios, including news articles, social media posts, and novel post-cutoff datasets.
It achieves the most substantial improvement in articles, with a 18% increase.
Additionally, PCoT shows a 16% improvement for post-cutoff datasets, leading
to our next key finding: Infusing persuasion knowledge into prompts improves gener-
ative LLMs’ disinformation detection, especially for long texts and data not seen during
pretraining.

Better performance on unseen data confirms superior effectiveness on longer
articles, as these datasets consist exclusively of such texts. We attribute PCoT’s
improved effectiveness on articles to the greater prevalence of persuasive strate-
gies in longer texts, which complicate disinformation detection even for humans
[169], underscoring the need for persuasion knowledge. Furthermore, PCoT
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Method Data Gemini 1.5 Flash Claude 3 Haiku GPT 4o mini Llama 3.3 70B Llama 3.1 8B

VaN overall 0.01 0.01 0.01 0.01 0.01
VaN articles 0.01 0.01 0.01 0.01 0.01
VaN posts 0.01 0.01 0.01 0.01 Non-Significant
VaN prior 0.01 0.01 0.01 0.01 0.01
VaN post 0.01 0.01 0.01 0.01 0.01
Z-CoT overall 0.01 0.01 0.01 0.01 0.01
Z-CoT articles 0.01 0.01 0.01 0.01 0.01
Z-CoT posts 0.01 0.01 0.01 0.01 Non-Significant
Z-CoT prior 0.01 0.01 0.01 0.01 0.01
Z-CoT post 0.01 0.01 0.01 0.01 0.01
DeF-Spec overall 0.01 0.01 0.01 0.01 0.01
DeF-Spec articles 0.01 Non-Significant 0.01 0.01 0.01
DeF-Spec posts 0.01 0.01 0.01 0.01 0.01
DeF-Spec prior 0.01 Non-Significant 0.01 0.01 0.01
DeF-Spec post 0.01 0.01 0.01 0.01 0.05

Table 5.13: Results of McNemar’s test, comparing each prompting method (VaN, Z-
CoT, and DeF-Spec) against its PCoT-adjusted counterpart across various language mod-
els. The values represent significance levels for different evaluation metrics, with Non-
Significant indicating no statistically significant difference at the 0.05 threshold.

deliver the largest average improvement, about 18%, for the smallest model.

5.4.2 Impact of Persuasion

As Figure 5.2 shows, at least one persuasion strategy was found in 92% of disin-
formation and in 72% of credible texts. These results suggest that persuasion is
more commonly used in disinformation than in credible information, though a
significant proportion of credible content also contains persuasion. The strongest
correlation is observed between disinformation and the prediction of four spe-
cific strategies: Attack on reputation, Simplification, Distraction, and Manipulative
wording. In contrast, the remaining two strategies, namely Justification and Call,
occur with similar frequencies in both disinformation and credible informa-
tion. The comparable presence of Call and Justification in both disinformation
and credible content may be explained by the broad applicability of the per-
suasion techniques they encompass. For instance, Call techniques like Slogans
such as "Make America Great Again!" are highly persuasive but not inherently
misleading, making them familiar across various types of content. Similarly,
Conversation Killers like "That’s just your opinion" appear in discussions to shut
down debate rather than mislead. Likewise, Justification includes techniques of-
ten found in credible information. For instance, Appeal to Authority is a standard
persuasion technique in legitimate discourse, where expert opinions are cited to
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Figure 5.2: Average percentage of persuasion strategies predicted across 5 models for
disinformation (DIS) and reliable information (REL). ALL represents the percentage
of instances with at least one detected persuasion strategy. Other abbreviations are
explained in section 2.2.2.

support claims. Similarly, Appeal to Popularity, justifying an argument based on
widespread acceptance can be found in factual contexts.

In addition to Figure 5.2, we provide a heatmap in Figure 5.3 showing the
distribution of predicted persuasion strategies within the final-stage predictions
of the PCoT method. Figure 5.3 shows that the LLM-predicted distribution
of persuasion strategies for predicted disinformation and reliable information
closely matches the results in Figure 5.2.

Figure 5.3: Averaged percentage of persuasion strategies predicted across 5 models in
predicted disinformation (DIS) and predicted reliable information (REL). ALL repre-
sents the percentage of instances with at least one detected persuasion strategy. Other
abbreviations are explained in section 2.2.2.

The results presented in Tables 5.14 and 5.15 provide further key insights
into the relationship between persuasion strategies and disinformation across
different models and prompting methods. Table 5.14 presents the Matthews
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correlation coefficient (MCC) between various persuasion strategies and ground
truth disinformation labels. The results from Table 5.14 reinforce previous find-

persuasion AR J S D C MW

GPT 4o mini 0.228 0.528 -0.160 0.611 0.230 0.008 0.507
Gemini 1.5 Flash 0.173 0.476 -0.219 0.511 0.203 -0.000 0.627
Claude 3 Haiku 0.220 0.378 -0.054 0.354 0.201 -0.029 0.628
Llama 3.3 70B 0.328 0.546 0.152 0.536 0.347 0.118 0.591
Llama 3.1 8B 0.178 0.484 -0.054 0.301 0.303 0.064 0.474

Table 5.14: The Matthews correlation coefficient between persuasion strategies and
ground truth disinformation label. Table presents coefficients for each persuasion strat-
egy. In addition, persuasion column shows correlation with predicted at least one per-
suasion strategy. Abbreviations of persuasion strategies are explained in section 2.2.2.

ings, showing that across all models, Attack on Reputation, Simplification, Distrac-
tion, and Manipulative Wording exhibit positive correlations with disinformation,
indicating that these strategies are strong signals of misleading content. In con-
trast, Justification and Call show in general a negligible correlation, suggesting
that these strategies may be equally characteristic of credible and disinformation
content. Table 5.15 extends this analysis by evaluating the correlation between
persuasion strategies and final disinformation predictions under different PCoT-
adapted methods (VaN, Z-CoT, and DeF-SpeC). The results demonstrate con-
sistent patterns across all configurations, suggesting that PCoT’s effectiveness
is not highly prompt-sensitive and remains stable across different prompting
approaches. It is important to note that we could not assess the impact of indi-
vidual persuasive strategies in complete isolation, as all strategies were detected
simultaneously. However, this analysis still provides valuable insight into which
persuasive strategies are more characteristic of disinformation versus credible
information.

In addition, we evaluated how the PCoT method enhances disinformation
detection across two subsets of the datasets used: one in which at least one
persuasion strategy was predicted and another in which none was detected.
As shown in Table 5.16, PCoT improves detection by an average of 12% in the
persuasion-present subset and about 7% in the persuasion-absent subset. While
Table 5.16 provides average results for all prompting methods enhanced with
PCoT reasoning, the results presented in Tables 5.17, 5.18, and 5.19 underscore
the effectiveness of the proposed PCoT approach across various models and all
individual prompting methods. The improvement is evident in detecting disin-
formation in texts with predicted persuasive strategies (Persuasion subset) and
those without (No Persuasion subset). PCoT consistently outperforms the baseline
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persuasion AR J S D C MW

VaN with PCoT
GPT 4o mini 0.307 0.601 -0.187 0.720 0.279 0.027 0.592
Gemini 1.5 Flash 0.228 0.495 -0.222 0.638 0.268 0.036 0.670
Claude 3 Haiku 0.353 0.491 -0.003 0.466 0.273 0.011 0.788
Llama 3.3 70B 0.422 0.648 0.176 0.622 0.385 0.158 0.700
Llama 3.1 8B 0.151 0.479 -0.155 0.362 0.333 0.027 0.481
Z-CoT with PCoT
GPT 4o mini 0.308 0.597 -0.183 0.720 0.273 0.023 0.585
Gemini 1.5 Flash 0.227 0.495 -0.212 0.640 0.267 0.034 0.669
Claude 3 Haiku 0.334 0.504 0.018 0.419 0.257 0.012 0.766
Llama 3.3 70B 0.419 0.642 0.184 0.625 0.385 0.154 0.693
Llama 3.1 8B 0.166 0.484 -0.134 0.356 0.334 0.026 0.504
DeF-SpeC with PCoT
GPT 4o mini 0.276 0.558 -0.203 0.720 0.277 0.025 0.557
Gemini 1.5 Flash 0.250 0.522 -0.225 0.638 0.260 0.032 0.709
Claude 3 Haiku 0.346 0.478 -0.003 0.443 0.255 0.010 0.782
Llama 3.3 70B 0.395 0.613 0.159 0.655 0.408 0.145 0.667
Llama 3.1 8B 0.163 0.455 -0.161 0.373 0.340 0.046 0.477

Table 5.15: The Matthews correlation coefficient between persuasion strategies and the
final disinformation prediction. Table shows results for each base prompting method
adopted to PCoT usage. Table presents coefficients for each persuasion strategy. In
addition, persuasion column shows correlation with predicted at least one persuasion
strategy. Abbreviations of persuasion strategies are explained in section 2.2.2.

prompting methods (VaN, Z-CoT, DeF-SpeC) in the Persuasion subset, where at
least one persuasive strategy is identified. While PCoT also shows improvements
in the No Persuasion subset, the gains are lower, highlighting the challenge of de-
tecting misleading content without persuasive cues. Our findings highlight that:
Detecting disinformation is particularly challenging in texts where no persuasion strat-
egy has been predicted. Persuasive strategies may introduce emotionally charged
language, making deception more apparent when these strategies are analyzed
carefully. In contrast, when persuasion is absent, false statements alone may
evade detection [6]. In this scenario, fact-checking techniques become more
crucial, and semantic analysis of the language alone may be insufficient.

5.5 Further PCoT Evaluation and Ablation Study

We present additional experiments: a comparison between BERT-based model
and LLMs with and without persuasion-augmented reasoning (section 5.5.1), a
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Model Persuasion No Persuasion
PCoT Base PCoT Base

GPT 4o Mini 0.872 ↑ 0.824 0.342 ↑ 0.305
± 0,006 ± 0,008 ± 0,025 ± 0,009

Gemini 1.5 Flash 0.844 ↑ 0.738 0.444 ↑ 0.430
± 0,014 ± 0,036 ± 0,013 ± 0,007

Claude 3 Haiku 0.831 ↑ 0.756 0.177 ↓ 0.295
± 0,014 ± 0,101 ± 0,043 ± 0,084

Llama 3.3 70B 0.871 ↑ 0.781 0.409 ↑ 0.343
± 0,007 ± 0,007 ± 0,010 ± 0,006

Llama 3.1 8B 0.812 ↑ 0.679 0.536 ↑ 0.494
± 0,008 ± 0,050 ± 0,014 ± 0,059

Average 0.847 ↑ 0.753 0.392 ↑ 0.368

Table 5.16: Results comparison across two subsets: Persuasion, containing texts with
at least one predicted persuasion strategy, and No Persuasion texts with no predicted
persuasion. The table reports the average F1 score and standard deviation for each
model across three different prompting methods.

Model Persuasion No Persuasion

PCoT Base PCoT Base

GPT-4o-mini 0.876 0.815 0.315 0.303
Gemini 1.5 Flash 0.837 0.713 0.438 0.424
Claude 3 Haiku 0.840 0.787 0.128 0.304
Llama 3.3 70B 0.876 0.789 0.407 0.346
Llama 3.1 8B 0.816 0.631 0.551 0.561

Table 5.17: Performance comparison based on F1 scores across two subsets: Persuasion,
containing texts with at least one predicted persuasion strategy, and No Persuasion,
containing texts with no predicted persuasion strategies. The table reports the F1 score
for VaN prompting method as Base and for our adaptation to PCoT.

comparison with other prompting methods (section 5.5.2), a comparison of PCoT
against cutting-edge reasoning models (section 5.5.3), and an ablation study to
assess the impact of the definitions of the persuasion strategies to the overall
performance (section 5.5.4).

5.5.1 Comparing BERT and LLMs on Unseen Data

Experiments in this section aim to validate the findings of Lucas et al. [13],
which suggest that LLMs generalize more effectively and outperform BERT
models in disinformation detection on unseen datasets. Furthermore, confirm-
ing these results strengthens the significance of our persuasion-augmented rea-
soning approach in advancing zero-shot classification. We also compare the
BERT performance on unseen data to LLMs with baseline methods and with
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Model Persuasion No Persuasion

PCoT Base PCoT Base

GPT-4o-mini 0.876 0.827 0.348 0.297
Gemini 1.5 Flash 0.836 0.723 0.434 0.429
Claude 3 Haiku 0.815 0.644 0.196 0.206
Llama 3.3 70B 0.875 0.775 0.404 0.331
Llama 3.1 8B 0.818 0.676 0.535 0.473

Table 5.18: Performance comparison based on F1 scores across two subsets: Persuasion,
containing texts with at least one predicted persuasion strategy, and No Persuasion,
containing texts with no predicted persuasion strategies. The table reports the F1 score
for Z-CoT prompting method as Base and for our adaptation to PCoT.

Model Persuasion No Persuasion

PCoT Base PCoT Base

GPT-4o-mini 0.865 0.829 0.364 0.315
Gemini 1.5 Flash 0.861 0.779 0.459 0.437
Claude 3 Haiku 0.837 0.838 0.208 0.374
Llama 3.3 70B 0.863 0.780 0.415 0.351
Llama 3.1 8B 0.803 0.730 0.523 0.448

Table 5.19: Performance comparison based on F1 scores across two subsets: Persuasion,
containing texts with at least one predicted persuasion strategy, and No Persuasion,
containing texts with no predicted persuasion strategies. The table reports the F1 score
for DeF-SpeC prompting method as Base and for our adaptation to PCoT.

persuasion-augmented reasoning with PCoT.

5.5.1.1 Experimental Setup

Datasets. We first selected three datasets: (i) CoAID, (ii) ISOT Fake News,
and (iii) ECTF, to construct our training and validation sets. The validation
set contained around 6,000 texts, while the training set included approximately
40,000. For testing, we used the same subsets as in the primary PCoT evaluation
experiments, enabling a direct comparison with zero-shot classification results
from baseline methods and our PCoT approach. Furthermore, no articles from
EUDisinfo or MultiDis were included in the training or validation sets, ensuring
they remained entirely unseen by BERT.

Model and Optimization. We fine-tuned widely used pre-trained BERT model.
The Hugging Face model name is as follows: google-bert/bert-large-uncased5.

5Hugging Face link to the BERT model and its details: google-bert/bert-large-uncased

google-bert/bert-large-uncased
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This model was also used by Lucas et al. [13]. For our computations, includ-
ing hyperparameter optimization and final fine-tuning, we utilized an NVIDIA
L40 GPU. Since these experiments were not the primary focus of our study, our
hyperparameter exploration was limited in scope. However, we systematically
varied two key hyperparameters: learning rate and weight decay. Specifically,
we experimented with learning rates ranging from 5e-6 to 5e-5 and weight decay
values between 0.005 and 0.03. The final selected values were a learning rate
1e-5 and a weight decay of 0.03. Other training hyperparameters were kept con-
stant, including a batch size of 16 for both training and evaluation, three training
epochs, and a warm-up phase covering approximately 8% of the total training
steps.

5.5.1.2 Results and Discussion.

Tables 5.20 and 5.21 present the results of our experiments comparing the base-
line method and the PCoT method across various models with result on BERT
model. These tables present performance of each model in detecting disinfor-
mation on unseen data, so not available during pretraining and fine-tuning of
any of models. BERT performs worse than all other models, with an F1 score of
0.485.

model F1 Score

BERT 0.485
GPT 4o mini 0.808
Gemini 1.5 Flash 0.719
Claude 3 Haiku 0.677
Llama 3.3 70B 0.752
Llama 3.1 8B 0.649

Table 5.20: Comparison between BERT performance and LLMs used with baseline
methods (result averaged over 3 base methods) on post-cutoff datasets.

5.5.2 Prompting Methods Comparison

Comparison We compare PCoT with other recent prompting methods, includ-
ing CoT [24] in a zero-shot version (Z-CoT) [13], Chain-of-Verification (CoVe)
[170] and Rephrase and Respond (RaR) [171]. As shown in Table 5.22, PCoT
consistently outperforms these methods.
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model F1 Score

BERT 0.485
GPT 4o mini 0.873
Gemini 1.5 Flash 0.877
Claude 3 Haiku 0.783
Llama 3.3 70B 0.864
Llama 3.1 8B 0.794

Table 5.21: Comparison between BERT performance and LLMs used with PCoT method
(result averaged over 3 PCoT runs) on post-cutoff datasets.

Model Z-CoT RaR CoVe PCoT

GPT 4o Mini 0.765 0.698 0.790 0.846
Gemini 1.5 Flash 0.689 0.573 0.736 0.808
Claude 3 Haiku 0.588 0.768 0.441 0.774
Llama 3.3 70B 0.722 0.657 0.835 0.843
Llama 3.1 8B 0.660 0.566 0.764 0.791

Table 5.22: Overall F1 scores of different prompting methods on five datasets.

5.5.3 Evaluation Against Reasoning Models

To further evaluate our approach, we compared PCoT-enhanced models to Ope-
nAI’s advanced reasoning models, o1-mini and o3-mini. Specifically, we selected
the best-performing (GPT-4o Mini) and worst-performing (Llama 3.1 8B) mod-
els from our zero-shot disinformation detection experiments using PCoT (see
Table 5.12) and compared them against the reasoning models.

As shown in Table 5.23, even the weakest model, when used with PCoT,
outperforms both o1-mini and o3-mini in zero-shot disinformation detection.
This highlights PCoT’s ability to boost reasoning performance, even in smaller
models.

Model Overall

GPT 4o Mini + PCoT 0.846
Llama 3.1 8B + PCoT 0.791
o3-mini 0.770
o1-mini 0.634

Table 5.23: Overall F1 scores for PCoT-enhanced models vs. OpenAI reasoning models
on five datasets.
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5.5.4 PCoT Base Version and Ablation Results

To better understand the contribution of explicit persuasion knowledge in PCoT,
we conducted an ablation study using a simplified base version, which provides
in the prompt a general definition of persuasion avoiding to mention persuasion
strategies.

Remarkably, even without detailed knowledge, this simplified version yields
notable performance gains over baseline prompting methods across five datasets
(see Table 5.24). Although the original variant of PCoT remains stronger, these
findings underscore the role of persuasion-augmented reasoning in zero-shot
disinformation detection.

Model PCoT BV Base
GPT 4o Mini 0.814 ↑ ± 0,007 0.765 ± 0,007
Gemini 1.5 Flash 0.790 ↑ ± 0,014 0.705 ± 0,034
Claude 3 Haiku 0.736 ↑ ± 0,013 0.693 ± 0,097
Llama 3.3 70B 0.831 ↑ ± 0,007 0.731 ± 0,009
Llama 3.1 8B 0.785 ↑ ± 0,011 0.661 ± 0,035

Table 5.24: Comparison of average F1 scores and standard deviations between Base
prompts and PCoT without persuasion strategy augmentation. Results are shown for
VaN, Z-CoT, and DeF-SpeC (as Base), and their adaptations for PCoT’s base version (PCoT
BV).

5.6 Discussion

This chapter investigated whether explicitly incorporating persuasion knowl-
edge into the reasoning process of large language models can improve zero-
shot disinformation detection. The proposed Persuasion-Augmented Chain of
Thought (PCoT) framework presents that modeling persuasion as an intermedi-
ate reasoning step leads to consistent and substantial performance gains across
models, datasets, domains, and temporal settings. Rather than treating dis-
information detection as a simple binary classification, PCoT operationalizes a
more process-oriented view, encouraging models to first reason about how a text
attempts to influence the reader.

A key insight emerging from the experiments is that persuasion-augmented
reasoning is particularly beneficial for longer-form content, such as news articles.
These texts typically employ multiple rhetorical and persuasive strategies that
unfold over extended discourse, making them more challenging for both humans
and models to assess. The larger improvements observed in articles compared to
shorter social media posts suggest that persuasion signals become increasingly
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informative as textual complexity increases.
Persuasion strategies such as Attack on reputation, Simplification, Distraction, and

Manipulative wording were found to be most strongly associated with disinforma-
tion. Importantly, persuasion was not exclusive to disinformation, highlighting
that persuasion itself is not inherently malicious. Instead, its diagnostic value
lies in how certain strategies are combined, emphasized, or exploited within
deceptive contexts. This distinction underscores the importance of modeling
persuasion in a nuanced manner rather than treating it as a binary indicator.

Another important aspect of the discussion concerns generalization. By evalu-
ating PCoT on datasets published after the knowledge cutoff of the tested models,
this work provides strong empirical evidence that persuasion-augmented rea-
soning remains effective even when factual memorization of LLMs is unlikely
to play a role. This suggests that PCoT captures structural properties of dis-
information that are more stable over time than topical or entity-specific cues.
In this sense, persuasion functions as a component that supports robustness to
distributional shifts.

More broadly, the results contribute to an emerging line of research that moves
beyond purely label-driven detection toward more explainable approaches. By
explicitly exposing intermediate reasoning about persuasion, PCoT provides a
foundation for more explainable disinformation detection systems, potentially
supporting downstream applications such as analyst-assisted fact-checking or
educational tools to improve media literacy.

At the same time, these findings point to several open challenges. The current
formulation relies on a fixed persuasion taxonomy and English-language data,
and future work should explore how persuasion-augmented reasoning transfers
across languages. Moreover, while persuasion-augmented reasoning improves
detection performance, texts lacking clear persuasive signals remain difficult to
classify, suggesting that persuasion should be viewed as a complementary signal
rather than a complete solution.

Overall, this chapter demonstrates that integrating persuasion knowledge into
LLM reasoning is a promising direction for advancing disinformation detection.
By bridging insights from communication theory and natural language pro-
cessing, PCoT leads to more robust, generalizable, and explainable detection
systems.





6 Intent-Augmented
Reasoning for Disinformation
Detection

This chapter presents contributions C3.1 - C3.3 presented in Section 1.3.
The chapter is based on the following accepted paper:
Arkadiusz Modzelewski, Witold Sosnowski, Eleni Papadopulos, Elisa Sartori,
Tiziano Labruna, Giovanni Da San Martino, and Adam Wierzbicki. 2026. MA-
Licious INTent Dataset and Inoculating LLMs for Enhanced Disinformation Detection.
In Proceedings of the 19th Conference of the European Chapter of the Associ-
ation for Computational Linguistics (Volume 1: Long Papers), Rabat, Morocco.
Association for Computational Linguistics (accepted and soon to be published).

Researchers in communication theory emphasize that, since disinformation in-
volves a deliberate attempt to deceive and persuade, the intentionality inherent
in disinformation definition is critical [4]. Uncovering intentions can help future
research detect more effectively goal-driven attempts to influence public beliefs
[4]. Although English resources support disinformation research [57, 60, 153],
none address the varying types of intent behind malicious agents. To fill this
gap, we introduce MALINT, the first English corpus that annotates disinfor-
mation and the most common MALicious INTention types of disinformation
agents. The MALINT dataset is a high-quality resource developed in collabo-
ration with fact-checking experts from organizations accredited by the Interna-
tional Fact-Checking Network. We use MALINT to pursue two core objectives.
The first one is (i) Intent Classification, and the second objective is (i) Intent-
Augmented Disinformation Detection.

Intent Classification. We present the first investigation into how well different
language models can detect malicious intent in English texts. We evaluate small
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and large language models on binary and multilabel classification tasks.

Intent-Augmented Disinformation Detection. Inoculation theory in psychol-
ogy suggests that exposing individuals to weakened forms of disinformation
can build resistance to deception [172, 173]. Building on this idea, we explore
whether weakening disinformation via integration of malicious intent knowl-
edge can enhance the LLMs’ zero-shot disinformation detection. To evaluate
it, we propose intent-based inoculation (IBI) and conduct experiments on five
established disinformation datasets that include only disinformation labels, as
well as on MALINT. In analysis, we use three data splits:
• a genre-based (articles vs. posts),
• a temporal split separating texts published before and after the LLMs’ knowl-

edge cutoff dates,
• a language split employed to assess the usefulness of intent-based reasoning in

a multilingual context, covering even low-resource languages such as Estonian
and Polish.
We demonstrate that IBI outperforms competitive methods by an average of

9% in English and achieves even larger gains in other languages.

6.1 MALINT Dataset

MALINT is a novel corpus of online news articles designed to advance research
on disinformation and the malicious intents behind it. During annotation, an-
notators first assess each article’s credibility. Articles deemed disinformative are
then annotated for the underlying malicious intent of the disinformation agents.
This approach is grounded in the recognition that disinformation is deliberately
crafted to serve specific malicious objectives [4]. Credible content, by its nature,
is free of such intent. This perspective draws on the growing consensus in disin-
formation research that malicious intent is a defining feature of disinformative
content [117, 174, 4, 175].

6.1.1 Data Sources and Collection

To build a representative dataset, we collected articles from about 50 online
sources spanning mainstream media, outlets promoting alternative or inciden-
tal narratives. Sources were reviewed by fact-checking experts and classified
by consensus into one of three categories: Reliable, Unreliable, or Mixed/Biased.
Classification was based on systematic content review and cross-checking with
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fact-checking tools such as Media Bias/Fact Check1. Articles were collected
from all sources and subsequently provided for disinformation and malicious
intent annotation. To prevent annotation bias, source categories were hidden
from annotators. We release the full list of sources.

6.1.2 Annotation Methodology and Guidelines

A rigorous, multi-stage annotation approach was used to ensure high-quality
and consistent annotations of the dataset.

Guidelines Creation. Our project began with the development of detailed
guidelines by a team of experienced disinformation researchers and fact-checking
experts, each with 3+ years of expertise in IFCN-accredited organizations. The
guidelines specified annotation categories and established rules for ambiguous
or complex cases, ensuring a consistent and robust framework for the project
(Appendix A.3 presents annotation methodology and guidelines).

Annotator Training and Calibration. To ensure consistent application of guide-
lines, all annotators participated in a training that combined remote and on-site
sessions. The training featured hands-on exercises and calibration annotation
rounds, allowing annotators to converge in their understanding of guidelines
and receive targeted feedback from the lead fact-checking trainer. Annotations
from the calibration phase were used solely for training purposes and were
excluded from the final dataset.

Annotation and Review Workflow. After training, annotation followed a struc-
tured workflow to ensure quality and reliability:
1. Independent Annotation: Each article was independently labeled by a pri-

mary annotator and by a supervisor with expertise in disinformation. Dis-
crepancies were resolved through discussion to reach a consensus. The su-
pervisor also conducted a third annotation, with unresolved cases passed to
the next stage if necessary.

2. Resolving Ambiguities: If the primary annotator and supervisor could not
reach consensus, the article could be reviewed with a senior fact-checking
expert. If it remained ambiguous after this step, it was labeled as Hard-to-say.

1An initiative where domain experts perform a careful manual analysis based on clear guide-
lines [176] Link: https://mediabiasfactcheck.com/

https://mediabiasfactcheck.com/
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Credibility Annotation. Each article was reviewed using a methodology that
incorporated the debunking technique, complemented by fact-checking prin-
ciples, as outlined by the NATO Strategic Communications Centre of Excel-
lence [157]. Annotators assigned one of three labels. Two main annotations are:
Credible Information and Disinformation. We used the definition of disinformation
proposed by the European Commission’s High-Level Expert Group [3], widely
applied in recent research [4, 17, 6]. Moreover, we introduced an additional
annotation label: Hard-to-say, for cases where annotators could not agree on ve-
racity. Articles falling into the latter class were excluded from our experiments.

Malicious Intent Annotation. Given that disinformation is deliberately dis-
seminated, we defined five intent categories: Undermining the Credibility of Public
Institutions, Changing Political Views, Undermining International Organizations and
Alliances, Promoting Social Stereotypes/Antagonisms, and Promoting Anti-scientific
Views. Since annotators could assign any number of these categories to a sin-
gle article (including none or all) this task constitutes a multilabel annotation
problem.

Our categories and intent definition are based on the study proposed by
Modzelewski et al. [17] and refined in collaboration with fact-checking experts
to better reflect the current disinformation landscape. Figure 6.1 shows malicious
intent definition and detailed descriptions for each category.

6.2 Annotation and Data Quality Control

To ensure annotation reliability and reduce bias, each article was independently
reviewed by two annotators (a primary annotator and their supervisor). The
supervisor performed a third pass, considering independent annotations. In the
event of disagreement, supervisors were encouraged to consult with the initial
annotators and, as needed, with a senior fact-checking expert.

In the first stage, two annotators achieved an agreement of approximately
85.31% on the credibility task. They reached 65.19% agreement on the more
complex multilabel intent task. These figures reflect pre-consensus agreement
and indicate how challenging it was to prepare the final consensus annotation
rather than measuring the final label quality [72].

In the second stage, the supervisor performed a third annotation. Disagree-
ments were resolved through consensus, and expert input was utilized when
necessary. This process raised the final annotation agreement to over 95% for
both tasks. This improved the reliability and quality of the dataset. If con-
sensus could not be reached for credibility analysis, the article was assigned a
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MALICIOUS INTENT
Malicious intent is a generalization of a disinformation narrative that we can define as a repeating pattern
found in several disinformative articles. Malicious intent encapsulates the broader goal of the author,
which guides the specific narratives used to achieve that goal [17]. In our study, we categorize the
following types of malicious intent:
Undermining the Credibility of Public Institutions [UCPI]

The goal of many disinformation creators is to destroy trust in public institutions. This can be done by
undermining official communications, insinuating bad intentions or falsely exposing corruption (e.g.,
accusing governments of population control with vaccines). The idea is to make citizens disbelieve in
the effectiveness of their own state, undermine the sense of its existence or actively fight against it. This
is ultimately meant to lead to resentment of the system, thus undermining the very essence of Western
democracies. As a result, it becomes easier to spread false information, and the public’s resistance to
outside influence decreases.
Changing Political Views [CPV]

CPV is aimed at strengthening one side of a political dispute and arousing resentment against the others.
It may involve the simultaneous promotion of politicians from extremist movements, which are treated
as an alternative to the major parties. It is often based on the portrayal of mainstream politicians as
corrupt and evil to the bone (e.g., portraying them as traitors to the nation, dependent on the outside
influence of global elites).
Undermining International Organizations and Alliances [UIOA]

UIOA is often part of disinformation activities carried out by external forces. These are aimed at
breaking up alliances of democratic countries to facilitate propaganda efforts by authoritarian states
(e.g., portraying NATO as an aggressor that will drag peaceful states into war). Numerous extreme
political movements also have an interest in shattering trust in international institutions. This is part
of a populist influence on society and a way to gain power. International institutions are then most
often portrayed as entities that take away the sovereignty of member states (e.g., presenting the EU as
an authoritarian organization that imposes its will on others).
Promoting Social Stereotypes/Antagonisms [PSSA]

Deepening social divisions is a frequent goal of disinformation efforts. Divided society is less resistant
to manipulation, and mutual distrust also promotes a collapse of confidence in the institution of the
state and democracy. This causes internal problems to absorb most of the attention, giving room for
external centers of influence to operate. This can take the form of reinforcing xenophobia (e.g., stirring
up resentment against Ukrainian refugees and portraying them as dangerous). Aversion to specific social
groups can also be exploited (e.g., portraying homosexuals as pedophiles).
Promoting Anti-scientific Views [PASV]

Science is a frequent enemy of disinformation authors. Science enhances critical thinking and is an
important part of the strength of Western democracies. Presenting it as an enemy aids in undermining
the system under which Western countries operate. Reinforcing anti-scientific attitudes also enables
short-term financial gain (e.g., selling pseudo-medical remedies for various diseases). The fight against
science can be based on a direct attack on scientists (e.g., the claim that vaccines are designed to
depopulate humanity), but is also a significant element of conspiracy theories (e.g., medicine is not used
to cure people, but to make money).

Figure 6.1: Definition and categories of malicious intent.

Hard-to-say label and excluded from further steps.
Note: We publish annotations from each stage.

6.3 MALINT Analysis and Statistics

Table 6.1 presents the key statistics for the MALINT dataset, comprising news
articles. The MALINT corpus consists of 1,600 news articles, with an average
length of 963 words (approximately 6,045 characters) per article. This reflects a
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collection of relatively long-form texts, suitable for analyzing complex disinfor-
mation narratives and underlying malicious intent.

Statistic Value

Total No. of Articles 1,600
Avg. Article Length (words) 963
Avg. Article Length (characters) 6,045

Table 6.1: Overview of the MALINT corpus.

Credibility and Malicious Intent Labels. The dataset includes two primary
credibility labels: Credible, comprising 63.5% instances, and Disinformation, which
accounts for the remaining 584 articles (36.5%). Table 6.2 details the distribution
of the five malicious intent categories in dataset.

Statistic UCPI UIOA PASV PSSA CPV

Count 321 234 154 222 197
% 20.06 14.63 9.63 13.88 12.31

Table 6.2: Malicious intent types distribution in MALINT.

Malicious Intents Multiplicity. Approximately 12.1% of articles are tagged
with a single intent, while around 24% contain two or more intent labels. Among
these, the most common pattern is the presence of exactly two intents, observed
in 15.5% of all articles. The most frequent intent pair is UIOA and UCPI, co-
occurring in 127 articles.

6.4 Intent Classification

To evaluate the ability of LMs to detect malicious intent, we use the MALINT
dataset to assess performance across two classification tasks. These tasks are
intended to capture different dimensions of intent recognition and provide a
broad view of model accuracy when faced with malicious content. We evaluate
LMs on the following tasks:
• Binary Detection Per Class - Models are evaluated on their ability to detect the

presence of a specific malicious intent. Each intent is treated as an independent
binary classification problem. This setup allows us to analyze how well models
can isolate and identify individual intent categories.
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• Multilabel Detection - Evaluating a model’s ability to identify multiple co-
occurring intents as a multilabel classification task, where models must assign
all relevant intent labels to each input.

As shown in Table 6.2, our tasks are challenging due to class imbalance across
intent categories.

6.4.1 Experimental Setup

For our experiments, the MALINT dataset was split into 770 training, 330 vali-
dation, and 500 test instances. Binary classification was evaluated using F1 over
the positive class, while the multilabel task used weighted F1 to address class
imbalance. All metrics were computed on test sets.

Setup for SLMs. We fine-tuned a range of pre-trained Small Language Models
(SLMs), selected to represent different architectures and computational require-
ments. We have chosen BERT [177], RoBERTa [178], DeBERTa V3 [179, 180]
and DistilBERT [181]. DistilBERT was included to assess the model suitable for
environments with limited computational resources.

Each model was fine-tuned for the two tasks across 42 model-task combi-
nations, testing multiple hyperparameter settings, totaling around 2,000 experi-
ments. For all models and tasks, we used the Hugging Face Transformers library
to load both the tokenizer and the model. The input content was tokenized with
truncation and padding enabled, using a maximum sequence length of 256 to-
kens. The training procedure involved feeding data into a training loop using the
Trainer API. Hyperparameter tuning was performed over the following grid:
• Learning rate: {1e-5, 2e-5, 3e-5, 4e-5, 5e-5}
• Warmup ratio: {0.06, 0.1}
• Weight decay: {0.01, 0.03, 0.05, 0.1}
The best-performing hyperparameter configuration for each model and each bi-
nary detection task is reported in Table 6.3. All models were evaluated using F1
on the positive class. Table 6.4 presents the corresponding best configurations
for the multilabel malicious-intent classification task, where models were evalu-
ated using macro-weighted F1 to account for class imbalance and the multilabel
setting. All experiments were run on an NVIDIA L40 GPU.

Setup for LLMs. We evaluated five cutting-edge LLMs via different APIs: GPT
4o Mini, GPT 4.1 Mini, Gemini 2.0 Flash, Gemma 3 27b it, Llama 3.3 70B. We aimed
to include widely recognized, state-of-the-art models from the largest available
while ensuring they remain affordable. We also selected two open-weight mod-
els to demonstrate that intent-based reasoning can be applied without access to
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Model Identifier Learning Rate Weight Decay Warmup Ratio

Undermining the Credibility of Public Institutions (UCPI)

BERT-base google-bert/bert-base-uncased 2e-5 0.03 0.06
BERT-large google-bert/bert-large-uncased 1e-5 0.05 0.06
RoBERTa-large FacebookAI/roberta-large 2e-5 0.05 0.06
RoBERTa-base FacebookAI/roberta-base 1e-5 0.05 0.1
DeBERTa-v3-large microsoft/deberta-v3-large 1e-5 0.01 0.06
DeBERTa-v3-base microsoft/deberta-v3-base 2e-5 0.05 0.06
DistilBERT-base distilbert/distilbert-base-uncased 1e-5 0.03 0.06

Changing Political Views (CPV)

BERT-base google-bert/bert-base-uncased 2e-5 0.01 0.1
BERT-large google-bert/bert-large-uncased 2e-5 0.01 0.06
RoBERTa-large FacebookAI/roberta-large 2e-5 0.03 0.1
RoBERTa-base FacebookAI/roberta-base 2e-5 0.1 0.06
DeBERTa-v3-large microsoft/deberta-v3-large 1e-5 0.05 0.1
DeBERTa-v3-base microsoft/deberta-v3-base 1e-5 0.03 0.06
DistilBERT-base distilbert/distilbert-base-uncased 2e-5 0.01 0.06

Undermining International Organizations and Alliances (UIOA)

BERT-base google-bert/bert-base-uncased 5e-5 0.03 0.1
BERT-large google-bert/bert-large-uncased 1e-5 0.05 0.1
RoBERTa-large FacebookAI/roberta-large 1e-5 0.05 0.06
RoBERTa-base FacebookAI/roberta-base 2e-5 0.05 0.06
DeBERTa-v3-large microsoft/deberta-v3-large 1e-5 0.03 0.06
DeBERTa-v3-base microsoft/deberta-v3-base 3e-5 0.05 0.06
DistilBERT-base distilbert/distilbert-base-uncased 1e-5 0.1 0.06

Promoting Social Stereotypes/Antagonisms (PSSA)

BERT-base google-bert/bert-base-uncased 2e-5 0.01 0.06
BERT-large google-bert/bert-large-uncased 2e-5 0.03 0.06
RoBERTa-large FacebookAI/roberta-large 1e-5 0.01 0.06
RoBERTa-base FacebookAI/roberta-base 2e-5 0.01 0.06
DeBERTa-v3-large microsoft/deberta-v3-large 1e-5 0.05 0.1
DeBERTa-v3-base microsoft/deberta-v3-base 1e-5 0.03 0.1
DistilBERT-base distilbert/distilbert-base-uncased 1e-5 0.1 0.1

Promoting Anti-scientific Views (PASV)

BERT-base google-bert/bert-base-uncased 1e-5 0.05 0.1
BERT-large google-bert/bert-large-uncased 2e-5 0.01 0.06
RoBERTa-large FacebookAI/roberta-large 1e-5 0.03 0.1
RoBERTa-base FacebookAI/roberta-base 1e-5 0.01 0.1
DeBERTa-v3-large microsoft/deberta-v3-large 1e-5 0.03 0.06
DeBERTa-v3-base microsoft/deberta-v3-base 1e-5 0.05 0.06
DistilBERT-base distilbert/distilbert-base-uncased 1e-5 0.03 0.1

Table 6.3: Optimal hyperparameters for binary classification of all malicious intent
categories. Identifiers of all models given as of 21.07.2025.

closed models through APIs. To ensure as deterministic results as possible, we
prompted all models with the temperature parameter set to zero. All evalua-
tions were conducted in a zero-shot setting, as many documents were too long for
few-shot prompting within the LLM context limits. The full set of experiments
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Model Identifier Learning Rate Weight Decay Warmup Ratio

BERT-base google-bert/bert-base-uncased 2e-5 0.1 0.06
BERT-large google-bert/bert-large-uncased 2e-5 0.01 0.1
RoBERTa-large FacebookAI/roberta-large 1e-5 0.03 0.06
RoBERTa-base FacebookAI/roberta-base 1e-5 0.05 0.1
DeBERTa-v3-large microsoft/deberta-v3-large 1e-5 0.03 0.1
DeBERTa-v3-base microsoft/deberta-v3-base 4e-5 0.05 0.1
DistilBERT-base distilbert/distilbert-base-uncased 2e-5 0.03 0.1

Table 6.4: Optimal hyperparameters for each model in multilabel malicious intent
classification. Identifiers of all models as of 21.07.2025.

involved approximately 15,000 API calls.
Table 6.5 lists the Large Language Models used in our experiments, detailing

their knowledge cutoff dates, access methods, licenses, and sizes. To enable
evaluation on both prior and post cutoff content, we used a knowledge cutoff
date of September 2024 to split the EUDisinfo and MALINT datasets accordingly.
All other datasets contain only texts published prior to this date. Prompts used
for all tasks are provided in Appendix A.6.

API Model Name Cutoff Access Details License Size

gpt-4o-mini 10.2023 OpenAI API 07.2025 COMM N/A
gemini-2.0-flash 06.2024 Google API 07.2025 COMM N/A
gpt-4.1-mini-2025-04-14 06.2024 OpenAI API 07.2025 COMM N/A
meta-llama/Llama-3.3-70B-Instruct 12.2023 DeepInfra API 07.2025 ML3COM 70B
google/gemma-3-27b-it 08.2024 DeepInfra API 07.2025 GTU 27B

Table 6.5: Large Language Models used in our experiments. The column Cutoff denotes
the training-data knowledge cutoff date for each model. Model sizes for commercial
models were not disclosed, so we list "N/A". In the License column, “COMM” stands for
Commercial, and “ML3COM” stands for Meta Llama 3 Community, and "GTU" stands
for Gemma Terms of Use.

Baselines. We implemented two baselines for all tasks: a random classifier
and logistic regression. For binary classification, the logistic regression model
was trained on bag-of-words features represented as sparse token count vectors,
with English stop words removed. For the multilabel task, logistic regression
was applied using a one-vs-rest strategy [182].

6.4.2 Evaluation Results

Binary Detection Per Each Class. As shown in Table 6.6, DeBERTa V3 Large
and RoBERTa models consistently achieved the highest F1 scores across most
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intent categories among SLMs. Among LLMs, GPT 4.1 Mini performed best
for UCPI and PSSA, while Llama 3.3 70B for PASV and CPV categories. LLMs
achieved superior results compared to fine-tuned SLMs across three intent cat-
egories. The logistic regression baseline with bag-of-words outperformed ran-
dom predictions but remained below most LMs, serving as a simple baseline.

Model UCPI UIOA PASV PSSA CPV

Small Language Models

BERT Base 0.562 0.484 0.500 0.614 0.293
BERT Large 0.528 0.437 0.543 0.529 0.306
DeBERTa V3 Base 0.675 0.505 0.580 0.523 0.400
DeBERTa V3 Large 0.696 0.649 0.683 0.547 0.460
RoBERTa Base 0.693 0.547 0.674 0.515 0.486
RoBERTa Large 0.682 0.630 0.680 0.505 0.444
DistilBERT Base 0.599 0.547 0.564 0.450 0.400

Large Language Models

GPT 4o Mini 0.543 0.547 0.632 0.458 0.324
GPT 4.1 Mini 0.702 0.469 0.717 0.479 0.371
Gemini 2.0 Flash 0.639 0.604 0.722 0.452 0.444
Llama 3.3 70B 0.569 0.427 0.738 0.415 0.496
Gemma 3 27B it 0.682 0.395 0.667 0.424 0.407

Baselines

Random 0.279 0.205 0.122 0.179 0.162
LR with BoW 0.581 0.477 0.595 0.424 0.376

Table 6.6: LMs’ F1 scores on binary intent classification across five categories, compared
to random and BoW logistic regression baselines.

Multilabel Detection. We show results for this task in Table 6.7. DeBERTa
V3 and RoBERTa continued to perform best among the SLMs, achieving the
highest weighted F1 scores. The best-performing LLM, LlaMA 3.3 70B, lagged
noticeably behind the top SLMs. Surprisingly, the logistic regression baseline
(using a one-vs-rest strategy) outperformed most LLMs. However, fine-tuned
SLMs demonstrated superior ability to capture the complexity of co-occurring
intent labels, underscoring the effectiveness of supervision.

6.5 Intent-Augmented Disinformation Detection

Inoculation theory, introduced by McGuire [183], uses a biological metaphor. It
suggests that, just as people can be protected against viruses through vaccines,
they can also be “vaccinated” to resist persuasive messages [183]. An inoculation
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Model Micro F1 Weighted F1

Small Language Models

BERT Base 0.421 0.414
BERT Large 0.578 0.521
DeBERTa V3 Base 0.812 0.804
DeBERTa V3 Large 0.817 0.815
RoBERTa Base 0.813 0.821
RoBERTa Large 0.775 0.808
DistilBERT Base 0.759 0.769

Large Language Models

GPT 4o Mini 0.446 0.457
GPT 4.1 Mini 0.489 0.498
Gemini 2.0 Flash 0.410 0.404
Llama 3.3 70B 0.542 0.570
Gemma 3 27B it 0.440 0.485

Baselines

Random 0.192 0.201
LR with BoW (OvR) 0.503 0.491

Table 6.7: Performance of LMs on multilabel intent classification compared to baselines:
a random classifier and a one-vs-rest logistic regression using BoW approach.

message has two parts: a threat and refutational preemption. The threat alerts
individuals that a persuasive attack is coming [184]. Refutational preemption
(or prebunking) involves providing people with arguments or tools to resist
persuasive attacks, helping them better recognize and respond to such attempts
[185]. Building on this theory and its applicability to improve disinformation
detection [172], we pose the following research question: Does inoculating LLMs
against malicious intent improve their disinformation detection performance in a zero-
shot setting?

To answer this question, we designed an intent-based inoculation (an IBI, we
call it also intent-augmented reasoning) experiment in which the threat is an
information that the text might hide malicious intent. Refutational preemp-
tion in the IBI consists of the LLM-generated analysis of intent. This analysis
is generated by utilizing knowledge about types of malicious intent from our
taxonomy.

6.5.1 Existing Datasets Used in Experiments

We rigorously evaluate intent-augmented reasoning on the MALINT dataset
and 5 additional datasets covering diverse topics, text genres and languages:
• ISOT Fake News: Thousands of real/fake news articles from reputable
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sources and sites flagged by PolitiFact2 [153, 154].
• CoAID: COVID-19 misinformation dataset with news and social media posts

[152].
• EUDisinfo: The latest English disinformation dataset collected from the EU-

vsDisinfo database3 [18].
• ECTF: COVID-19 fake post detection dataset from Platform X (Twitter) [156].
• EUvsDisinfo: Multilingual EUvsDisinfo’s texts with pro-Kremlin propa-

ganda [158].
We used five datasets (including MALINT) to assess the usefulness of intent-

based reasoning across genres and temporal splits in English. To evaluate its
cross-lingual generalizability, we also used the EUvsDisinfo texts, splitting it
into six language-specific datasets: German, French, Polish, Estonian, Russian,
and Spanish.

6.5.2 Intent-based Inoculation Design

As a first step in the IBI framework, the model M generates a structured intent
analysis of the input text T . This is a multilabel task over a predefined taxonomy
of malicious intents I = {i1, i2, . . . , im}, accompanied by natural language ex-
planations. To facilitate this, the model receives the text T , external knowledge
KI describing common types of malicious intent, and GA that provides task
guidance and desired output structure. We define the intent analysis prompt as:

XT = (T,KI , GA) (6.1)

The model M produces a structured output:

AI(T ) = {ij : (rij , Rij ) | ij ∈ I}, (6.2)

where each rij ∈ {Yes, No} is a binary label indicating whether intent ij is present
in the text, and Rij is the accompanying rationale.

Formally, we define:

AI(T ) ∼ M(XT ) = M(T,KI , GA). (6.3)

To test if intent-inoculated LLMs improve disinformation detection, we design
an inoculation prompt with a threat and a refutational preemption:

2PolitiFact is a nonprofit fact-checking organization.
3The EUvsDisinfo comprises 19,455 disinformation cases (number as of October 2, 2025). Link:

https://EUvsDisinfo.eu/disinformation-cases/

https://EUvsDisinfo.eu/disinformation-cases/
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• The threat θ is a textual warning that the input text may contain hidden
malicious intent.

• The refutational preemption is constructed from the previously generated
analysis AI(T ).

These elements are combined with the original text T , and detection-specific
task guidelines GI . The full IBI input is then:

ZT = (T, θ,AI(T ), GI). (6.4)

The model M uses this input to binary detection, indicating whether T is con-
sidered disinformative:

ŷT ∼ M(ZT ) = M(T, θ,AI(T ), GI). (6.5)

This design of experiments allows us to answer our research question. By
adding a threat and LLM-generated refutational preemption, IBI applies inocu-
lation theory to enhance disinformation detection.

6.5.3 Experimental Setup

We created five test sets by randomly sampling about 400-500 texts from each of
the datasets. Moreover, we sampled approximately 3,000 texts from EUvsDis-
info, creating test sets of about 500 per language across six languages. Table 6.8
reports class proportions across all test sets.

Dataset Disinformation Credible

MALINT 30% 70%
ISOT Fake News 55% 45%
CoAID 21% 79%
EUDisinfo 33% 67%
ECTF 41% 59%
EUvsDisinfo 49% 51%

Table 6.8: Class distribution across test datasets.

Our experiments were conducted on the same five LLMs that we used for
experiments in section 6.4. In these experiments, we again set the temperature
hyperparameter to zero for all models. We focused on zero-shot settings with
LLMs to evaluate the effectiveness of the IBI when texts lack explicit information
about malicious intent. Additionally, prior studies show that LLMs can outper-
form supervised models such as BERT in disinformation detection [65, 66]. Lucas
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et al. [13] also found that fine-tuned BERT models perform worse on unseen data
compared to zero-shot with LLMs.

To thoroughly evaluate IBI, we used two data splits on English data: (a) a
genre-based split, separating long-form news articles from social media posts
(from Platform X, formerly Twitter), and (b) a temporal split, comparing texts
published before and after the LLMs’ knowledge cutoffs. The temporal split is
possible because EUDisinfo and MALINT include post-cutoff articles not seen
during model training. Following Lucas et al. [13], this setup enables a rigorous
evaluation of IBI across two genres and, crucially, on unseen data, providing a
more realistic test of its generalization. IBI was further evaluated on six lan-
guages to highlight its cross-lingual generalization.

For the disinformation detection stage, we selected three strong baseline meth-
ods identified by Lucas et al. [13] as top performers, particularly on human-
annotated datasets such as CoAID [152] and FakeNewsNet [60]. The selected
methods are as follows:
• VaN – A basic prompt that provides minimal, direct instructions to the LLM,

serving as a foundational baseline [13].
• Z-CoT – Builds on VaN by encouraging step-by-step reasoning, following the

zero-shot chain-of-thought prompting strategy introduced by Kojima et al.
[168].

• DeF-SpeC – A more advanced prompt designed to elicit contextual, deduc-
tive, and abductive reasoning [13], addressing limitations in LLMs’ ability to
perform multi-step or inductive inference [66].

To adapt above methods to our setting, we modified the original prompts to
incorporate malicious intent analysis, as introduced in the first stage of our
pipeline. This allowed us to examine whether IBI is robust across different
prompting strategies or sensitive to prompt. All prompts templates are available
in Appendix A.6.3.

We use F1 for the positive class as evaluation metric. To assess significance
between IBI and baselines, we used McNemar’s test, a standard method for
comparing two models on the same binary task [165, 164], widely used in NLP
[167, 166].

6.5.4 Results

Results for MALINT and Other Datasets. Table 6.9 compares baseline prompt-
ing strategies (Base) with their intent-based inoculation (IBI) counterparts on the
MALINT dataset. Across all models, IBI consistently improves disinformation
detection, with average gains ranging from around 2% for GPT-4o Mini up to
8% for Gemini 2.0 Flash.



6.5. INTENT-AUGMENTED DISINFORMATION DETECTION 91

GPT 4o Mini GPT 4.1 Mini Gemini 2.0 Flash Gemma 3 27b it Llama 3.3 70B

Base IBI Base IBI Base IBI Base IBI Base IBI

VaN 0.815 0.856 ↑5% 0.856 0.825 0.873 ↑6% 0.789 0.855 ↑8% 0.783 0.820 ↑5% 0.836 0.863 ↑3%
Z-CoT 0.836 0.849 ↑2% 0.810 0.861 ↑6% 0.751 0.837 ↑11% 0.782 0.806 ↑3% 0.807 0.865 ↑7%
DeF_Spec 0.887 0.877 ↓1% 0.870 0.879 ↑1% 0.843 0.881 ↑5% 0.812 0.846 ↑4% 0.806 0.871 ↑8%

Table 6.9: F1 scores on MALINT for competitive prompting methods and their improve-
ment with IBI.

Table 6.10 reports F1 scores across four remaining disinformation datasets
used in experiments. Results are presented for various models and prompting
strategies, further enhanced with intent-based inoculation. The table compares
the Base setup with IBI, showing that IBI consistently improves performance
across nearly all models and datasets. The largest gains are observed on datasets
containing longer-form news articles, while improvements on ECTF are more
modest, likely due to limited context in shorter social media posts. Overall, these
results demonstrate that intent-augmented reasoning effectively enhances dis-
information detection, particularly for longer-form texts, across diverse datasets
and model architectures.

GPT 4o Mini GPT 4.1 Mini Gemini 2.0 Flash Gemma 3 27b it Llama 3.3 70B

Base IBI Base IBI Base IBI Base IBI Base IBI

CoAID
VaN 0.531 0.627 0.480 0.599 0.631 0.607 0.618 0.650 0.654 0.680
Z-CoT 0.532 0.628 0.468 0.611 0.588 0.603 0.388 0.660 0.628 0.699
DeF_Spec 0.507 0.566 0.496 0.624 0.574 0.610 0.617 0.651 0.582 0.646

ECTF
VaN 0.812 0.821 0.772 0.758 0.743 0.713 0.769 0.733 0.799 0.732
Z-CoT 0.796 0.830 0.766 0.762 0.728 0.703 0.589 0.728 0.789 0.745
DeF_Spec 0.783 0.837 0.790 0.784 0.801 0.812 0.800 0.755 0.773 0.736

ISOTFakeNews
VaN 0.776 0.889 0.681 0.665 0.650 0.761 0.529 0.762 0.701 0.720
Z-CoT 0.761 0.890 0.620 0.662 0.591 0.678 0.514 0.751 0.683 0.726
DeF_Spec 0.741 0.782 0.780 0.744 0.780 0.832 0.634 0.790 0.623 0.686

EUDisinfo
VaN 0.682 0.860 0.678 0.856 0.693 0.842 0.821 0.873 0.784 0.866
Z-CoT 0.727 0.847 0.653 0.845 0.705 0.846 0.802 0.877 0.765 0.885
DeF_Spec 0.789 0.849 0.755 0.846 0.794 0.829 0.867 0.885 0.803 0.886

Table 6.10: F1 scores on four disinformation datasets for competitive prompting methods
and their enhancement with Intent-Based Inoculation.

To evaluate the statistical significance of intent-base inoculation, we conducted
McNemar’s test comparing each prompting method to its IBI-adjusted counter-
part across various language models. The results, presented in Table 6.11, show
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that IBI improves performance primarily at the significance level of 0.01 across
all models and methods in the overall evaluation. However, certain cases, such
as experiments on twitter posts exhibit significance for each adjusted prompt-
ing method only on GPT-4.1 Mini model. Overall, siginificance on 0.05 level or
higher can be observed on about 79% different scenarios.

Method Split Gemini 2.0 GPT4.1 m GPT4o m Llama 3.3 Gemma 3

VaN Overall 0.010 0.010 0.010 0.050 0.010
VaN News 0.010 0.010 0.010 0.010 0.010
VaN Post N.S. 0.010 0.010 N.S. N.S.
VaN Prior Cutoff 0.010 0.010 0.010 N.S. 0.010
VaN Post Cutoff 0.010 0.010 0.010 0.050 N.S.
Z-CoT Overall 0.010 0.010 0.010 0.010 0.010
Z-CoT News 0.010 0.010 0.010 0.010 0.010
Z-CoT Post N.S. 0.010 0.010 N.S. 0.010
Z-CoT Prior Cutoff 0.010 0.010 0.010 0.010 0.010
Z-CoT Post Cutoff 0.010 0.010 N.S. 0.010 N.S.
DeF_Spec Overall 0.010 0.010 0.010 0.010 0.010
DeF_Spec News 0.010 0.010 0.050 0.010 0.010
DeF_Spec Post N.S. 0.010 0.010 N.S. N.S.
DeF_Spec Prior Cutoff 0.010 0.010 0.010 0.010 0.010
DeF_Spec Post Cutoff N.S. N.S. N.S. 0.010 N.S.

Table 6.11: Results of McNemar’s test, comparing each prompting method (VaN, Z-CoT,
and DeF-Spec) against its IBI-adjusted counterpart across various language models. The
values represent significance levels for different evaluation metrics, with N.S as Non-
Significant indicating no statistically significant difference at the 0.05 threshold. Models
used: GPT 4o Mini, GPT 4.1 Mini, Gemini 2.0 Flash, Gemma 3 27b it, Llama 3.3 70B.

We examined how the correctness of intent predictions influences disinforma-
tion detection by computing F1 scores separately for instances where each intent
was predicted correctly versus incorrectly. Across models and intent types, cor-
rect intent predictions generally lead to higher F1 scores, indicating that accurate
intent understanding strengthens disinformation detection under IBI. However,
for certain intents such as UIOA and specific models, higher performance is oc-
casionally observed even when the focal intent is mispredicted, suggesting that
correctly identified co-occurring intents can partially compensate.

Table 6.12 shows the average F1 scores for disinformation detection, split by
whether the predicted intent matches the gold labels (“Correct”) or not (“Incor-
rect”). While the overall trend confirms the positive contribution of accurate
intent prediction, the multi-label nature of intent annotation makes this rela-
tionship more nuanced: errors in one intent dimension may be offset by correct
predictions in others. Together, these findings show that intent-augmented
reasoning enhances disinformation detection, but its effectiveness depends on
interactions among multiple intent signals rather than on any single intent in
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isolation.
Table 6.12 presents average results across all three competitive baseline meth-

ods improved to intent-based resoning. In contrast, Tables 6.13, 6.14, and 6.15
report results for each specific baseline method further enhanced with intent-
based reasoning.

Model CPV PSSA UIOA PASV UCPI

Correct Incorrect Correct Incorrect Correct Incorrect Correct Incorrect Correct Incorrect

GPT4o m 0.914 0.787 0.882 0.809 0.860 0.864 0.866 0.850 0.905 0.796
Llama 3.3 0.889 0.825 0.876 0.839 0.856 0.899 0.862 0.888 0.836 0.941
GPT4.1 m 0.872 0.869 0.886 0.831 0.862 0.908 0.862 0.905 0.876 0.863
Gemini 2.0 0.878 0.821 0.855 0.866 0.845 0.902 0.854 0.871 0.865 0.842
Gemma 3 0.853 0.806 0.834 0.799 0.824 0.824 0.815 0.862 0.876 0.722

Table 6.12: Average F1 scores for disinformation detection across three methods (VaN,
Z-CoT, DeF-Spec), split by correct and incorrect intent prediction for each intent. Models
used: GPT 4o Mini, GPT 4.1 Mini, Gemini 2.0 Flash, Gemma 3 27b it, Llama 3.3 70B.

CPV PSSA UIOA PASV UCPI

Model Correct Incorrect Correct Incorrect Correct Incorrect Correct Incorrect Correct Incorrect

GPT4o m 0.910 0.783 0.883 0.792 0.852 0.867 0.860 0.848 0.903 0.788
Llama 3.3 0.881 0.829 0.870 0.843 0.855 0.889 0.857 0.889 0.834 0.933
GPT4.1 m 0.870 0.879 0.882 0.850 0.864 0.912 0.861 0.921 0.871 0.877
Gemini 2.0 0.869 0.830 0.849 0.871 0.843 0.896 0.856 0.853 0.871 0.821
Gemma 3 0.853 0.800 0.831 0.792 0.828 0.800 0.812 0.857 0.879 0.707

Table 6.13: F1 scores with VaN adjusted with IBI, split by intent prediction correctness.
Models used: GPT 4o Mini, GPT 4.1 Mini, Gemini 2.0 Flash, Gemma 3 27b it, Llama 3.3 70B.

CPV PSSA UIOA PASV UCPI

Model Correct Incorrect Correct Incorrect Correct Incorrect Correct Incorrect Correct Incorrect

GPT4o m 0.911 0.766 0.872 0.796 0.850 0.847 0.857 0.832 0.913 0.759
Llama 3.3 0.891 0.818 0.873 0.843 0.854 0.904 0.860 0.889 0.833 0.945
GPT4.1 m 0.862 0.860 0.874 0.825 0.844 0.931 0.854 0.889 0.865 0.855
Gemini 2.0 0.847 0.819 0.833 0.847 0.825 0.879 0.828 0.866 0.840 0.830
Gemma 3 0.837 0.786 0.818 0.774 0.805 0.809 0.794 0.857 0.858 0.707

Table 6.14: F1 scores with Z-CoT adjusted with IBI, split by intent prediction correctness.
Models used: GPT 4o Mini, GPT 4.1 Mini, Gemini 2.0 Flash, Gemma 3 27b it, Llama 3.3 70B.

Genre and Temporal Split Results Table 6.16 compares the baseline prompting
strategies (Base) with their IBI counterparts. Across 75 evaluation scenarios (5
models × 3 prompting strategies × 5 settings: overall comparison, articles, social
media posts, prior-cutoff, and post-cutoff), IBI leads to improved performance
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CPV PSSA UIOA PASV UCPI

Model Correct Incorrect Correct Incorrect Correct Incorrect Correct Incorrect Correct Incorrect

GPT4o m 0.921 0.812 0.892 0.839 0.876 0.878 0.880 0.869 0.899 0.841
Llama 3.3 0.894 0.829 0.886 0.829 0.861 0.904 0.868 0.885 0.840 0.945
GPT4.1 m 0.885 0.867 0.901 0.819 0.878 0.881 0.871 0.906 0.892 0.857
Gemini 2.0 0.918 0.814 0.882 0.879 0.866 0.932 0.877 0.896 0.885 0.874
Gemma 3 0.868 0.832 0.852 0.830 0.840 0.864 0.840 0.871 0.892 0.752

Table 6.15: F1 scores with DeF-Spec adjusted with IBI, split by intent prediction correct-
ness. Models used: GPT 4o Mini, GPT 4.1 Mini, Gemini 2.0 Flash, Gemma 3 27b it, Llama
3.3 70B.

in approximately 90% of cases. On average, the overall performance increases
by 9%. McNemar’s test indicates that, in nearly all scenarios, IBI significantly
outperforms the baselines on the overall dataset at the 0.01 significance level.
For Llama 3.3 70B, the difference is still significant, though at the 0.05 level.

Overall Articles Posts Prior Cutoff Post Cutoff

Base IBI Base IBI Base IBI Base IBI Base IBI

GPT 4o Mini
VaN 0.736 0.828 ↑13% 0.754 0.862 ↑14% 0.703 0.755 ↑7% 0.727 0.821 ↑13% 0.762 0.846 ↑11%
Z-CoT 0.740 0.826 ↑12% 0.764 0.854 ↑12% 0.692 0.766 ↑11% 0.724 0.823 ↑14% 0.786 0.833 ↑6%
DeF-SpeC 0.746 0.792 ↑6% 0.782 0.817 ↑4% 0.682 0.742 ↑9% 0.712 0.771 ↑8% 0.843 0.850 ↑1%

GPT 4.1 Mini
VaN 0.698 0.751 ↑8% 0.718 0.772 ↑8% 0.659 0.705 ↑7% 0.672 0.709 ↑6% 0.767 0.862 ↑12%
Z-CoT 0.673 0.748 ↑11% 0.685 0.765 ↑12% 0.649 0.712 ↑10% 0.640 0.710 ↑11% 0.757 0.849 ↑12%
DeF-SpeC 0.748 0.780 ↑4% 0.780 0.803 ↑3% 0.686 0.732 ↑7% 0.720 0.752 ↑4% 0.828 0.856 ↑3%

Gemini 2.0 Flash
VaN 0.701 0.762 ↑9% 0.703 0.803 ↑14% 0.699 0.677 ↓3% 0.682 0.731 ↑7% 0.754 0.851 ↑13%
Z-CoT 0.670 0.733 ↑9% 0.667 0.763 ↑14% 0.675 0.670 ↓1% 0.646 0.694 ↑7% 0.736 0.838 ↑14%
DeF-SpeC 0.767 0.803 ↑5% 0.795 0.835 ↑5% 0.710 0.738 ↑4% 0.749 0.787 ↑5% 0.814 0.847 ↑4%

Gemma 3 27b it
VaN 0.694 0.773 ↑11% 0.684 0.801 ↑17% 0.711 0.710 ↓0% 0.662 0.750 ↑13% 0.782 0.830 ↑6%
Z-CoT 0.622 0.767 ↑23% 0.671 0.793 ↑18% 0.516 0.711 ↑38% 0.561 0.746 ↑33% 0.775 0.822 ↑6%
DeF-SpeC 0.739 0.791 ↑7% 0.742 0.825 ↑11% 0.734 0.720 ↓2% 0.712 0.769 ↑8% 0.815 0.851 ↑4%

Llama 3.3 70B
VaN 0.756 0.770 ↑2% 0.762 0.796 ↑4% 0.744 0.717 ↓4% 0.730 0.738 ↑1% 0.824 0.856 ↑4%
Z-CoT 0.736 0.781 ↑6% 0.739 0.804 ↑9% 0.730 0.733 ↑0% 0.714 0.748 ↑5% 0.793 0.867 ↑9%
DeF-SpeC 0.716 0.762 ↑6% 0.723 0.788 ↑9% 0.702 0.707 ↑1% 0.684 0.720 ↑5% 0.798 0.872 ↑9%

Average 0.716 0.778 ↑9% 0.731 0.805 ↑10% 0.686 0.720 ↑5% 0.689 0.751 ↑9% 0.789 0.849 ↑8%

Table 6.16: Results with F1 scores for five LLMs. The Base columns shows the competitive
method results, while the IBI columns presents results for prompts adapted to the Intent-
based Inoculation.

The greatest gains are observed in longer-form articles. We hypothesize that
the extended context in articles offers language models more opportunity to
identify and reason about malicious intent.

Notably, IBI improves performance not only on data that may have been
present during LLM pretraining, but also on unseen content published after
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the models’ knowledge cutoffs. While performance gains are evident in both
pre- and post-cutoff subsets, LLMs show greater difficulty with the latter.

Overall, these findings support our central hypothesis: incorporating intent-
based inoculation as an intermediate reasoning step for LLMs enhances zero-shot
disinformation detection.

Multilingual Evaluation Table 6.17 shows the averaged F1 scores across all
models and methods for each language on the EUvsDisinfo dataset. IBI consis-
tently improves performance over the Base setup for all six languages, with the
largest gains observed in Estonian. These results indicate that intent-augmented
reasoning enhances model disinformation detection capabilities across languages.
Overall, IBI demonstrates a clear advantage in cross-lingual disinformation de-
tection, achieving on average a 20% improvement over baseline methods.

Language Base IBI
German 0.794 0.911 ↑15%
Spanish 0.683 0.828 ↑21%
Estonian 0.716 0.892 ↑25%
French 0.611 0.749 ↑23%
Polish 0.709 0.846 ↑19%
Russian 0.619 0.735 ↑19%

Table 6.17: Comparison of Base vs IBI performance across languages. Results present
averaged F1 scores over all models and methods.

6.6 Discussion

This chapter introduced MALINT, the first human-annotated English-language
dataset that jointly annotates disinformation and malicious intent. Beyond pre-
senting a new resource, the study offers empirical insight into how intentionality
can be operationalized and leveraged within computational disinformation re-
search. The findings underscore that malicious intent is not only a defining
conceptual feature of disinformation but also a practically useful signal for im-
proved disinformation detection.

A central observation from the experiments is a clear divergence between
small language models and large language models in intent classification. In the
multilabel setting, fine-tuned SLMs consistently outperform LLMs, suggesting
that supervised learning remains better suited for capturing complex, overlap-
ping intent structures when high-quality annotations are available. In contrast,
LLMs presents competitive, and in some cases superior, performance in binary
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intent detection, indicating that pretrained models can recognize coarse-grained
intentional signals even without task-specific training.

The intent-based inoculation experiments further provide strong empirical ev-
idence that reasoning about malicious intent improves disinformation detection,
particularly in zero-shot settings. Furthermore, by operationalizing inoculation
theory within an LLM prompting framework, this study shows that exposing
models to intent-oriented analysis functions as a form of cognitive “prebunk-
ing”, strengthening downstream classification. Importantly, improvements are
most pronounced for longer texts.

The multilingual results reinforce these findings. The effectiveness of IBI
across six languages, including lower-resource languages, suggests that mali-
cious intent is a language-agnostic signal that improves reasoning about disin-
formation. This finding has practical implications for disinformation detection
in lower-resource languages, where annotated data are scarce and zero-shot
approaches are often necessary.

At the same time, the analysis reveals important limitations. While correct
intent prediction generally strengthens disinformation detection, improvements
can still occur even when individual intents are misclassified. This indicates that
intent signals may partially compensate for one another and that the benefits of
intent-based reasoning are not strictly dependent on perfect intent recognition.
However, this also raises questions about the interpretability of intent predic-
tions and the extent to which models rely on correlated intent signals. These
observations point to the need for deeper analysis of intent interactions and error
propagation in multi-intent settings.

More broadly, this chapter supports the argument that moving beyond bi-
nary credibility labels toward intent-aware frameworks can improve both the
effectiveness and the explanatory power of disinformation detection systems.

Future work can build on these insights by expanding intent taxonomies and
integrating intent-based reasoning with other intermediate signals, such as per-
suasion or manipulation strategies. Such directions would further bridge the
theory of disinformation with practice and explainable NLP systems.



7 Human and Machine-Generated
Persuasive Text

This chapter presents contributions C4.1 - C4.3 presented in Section 1.3.
The chapter is based on the following work available as a preprint:
Arkadiusz Modzelewski, Paweł Golik, Anna Kołos, and Giovanni Da San Mar-
tino. Can AI-Generated Persuasion Be Detected? Persuaficial Benchmark and AI vs.
Human Linguistic Differences.

Persuasive writing, which uses rhetorical techniques and devices to influ-
ence audiences, has become central to modern communication [186]. We live
in an era where artificial intelligence increasingly shapes propaganda and per-
suasive communication in news, political discourse, and social media [187, 15].
Large Language Models, now widely used in writing and communication tasks,
demonstrate a growing potential to produce persuasive text and influence public
opinion [110, 108, 75, 107]. Several studies have explored how effectively LLMs
can identify persuasive language [188, 189]. Yet, to the best of our knowledge, no
prior work has addressed whether the automatic detection of LLM-generated
persuasion is more challenging than detecting persuasion in human-written
texts. Understanding this distinction is crucial, as it reveals the extent to which
current detection systems may be vulnerable to increasingly sophisticated AI-
driven persuasive content. Furthermore, although previous research has high-
lighted the importance of mitigating and defending against AI-generated per-
suasion [190, 191], it has largely focused on persuasion detection, leaving the
linguistic differences between human-written and LLM-generated persuasive
texts unexplored. Understanding these differences could deepen our knowl-
edge of AI-driven persuasion and support the development of more effective
automatic detection methods. To address these gaps, we investigate two key

97
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research questions: RQ1 Is controllably generated AI persuasion harder for LLMs to
detect in a zero-shot setting than human-written persuasion? and RQ2 What are the lin-
guistic differences between controllable LLM-generated and human-written persuasive
texts?

To address our first research question, we introduce Persuaficial, a newly
constructed dataset of artificially generated persuasive texts. Persuaficial is a
novel multilingual resource comprising synthetic persuasive content produced
using four generation approaches inspired by Chen and Shu [56]. The dataset
is created in a controlled manner, leveraging human-written texts drawn from
established datasets [30, 192, 193]. In our experiments, we evaluate the de-
tectability of AI and human-written persuasive texts using four different LLMs,
including commercial closed models and open-weight models. Our analysis
focuses on English, but we also provide analysis on five additional languages:
German, French, Italian, Polish, and Russian.

To address RQ2, we conducted an analysis using the StyloMetrix tool1, which
generates fully interpretable and reproducible vectors representing a wide range
of linguistic features in text [194]. Prior work shows that StyloMetrix performs
well on persuasion detection with classical machine learning [195, 196], under-
scoring its suitability for studying the linguistic features of persuasive texts. In
our analysis, we examined the full range of linguistic features offered by open-
source StyloMetrix.

7.1 Human Persuasion Datasets

In our analysis, we employed three well-established, publicly available datasets
that had been previously annotated by humans. Using multiple datasets miti-
gates potential bias that could arise from relying on a single source and ensures
a broader coverage of persuasion phenomena. We selected datasets that are
widely used and cited in persuasion research. Below, we describe the human-
created datasets used in our study:
• SemEval 2023 Task 3 Dataset: A multilingual, multifaceted collection of on-

line news articles annotated with various persuasion techniques on paragraph
level [72]. Its taxonomy and dataset are widely adopted within the NLP com-
munity for persuasion research [197, 33, 18]. This dataset was introduced as
part of SemEval 2023 Task 3 on persuasion detection [31].

• DIPROMATS 2024 Task 1 Dataset: A dataset consisting of posts from the X
platform (former Twitter) used for the DIPROMATS 2024 shared task includ-
ing propaganda detection [198]. The dataset contains messages from diplo-

1https://github.com/ZILiAT-NASK/StyloMetrix

https://github.com/ZILiAT-NASK/StyloMetrix


7.2. PERSUAFICIAL: ARTIFICIALLY GENERATED PERSUASION DATASET 99

mats and authorities of major world powers, including China, the United
States, Russia, and the European Union. DIPROMATS 2024 was part of Iber-
LEF, an annual Spanish shared evaluation campaign [199].

• ChangeMyView: A dataset derived from the Reddit ChangeMyView discus-
sion community. Dataset contains 3,051 conversations in which the persuader
tries to convince the persuadee to change their mind [192]. It is commonly
used in persuasion research [200, 201, 202].

Together, these datasets provide diverse perspectives on human persuasion, cov-
ering different sources and communicative contexts. Consequently, our analysis
captures diverse persuasive strategies, which improves the generalizability of
our findings.

In our experiments, we adopt the concise definition of persuasion proposed by
Piskorski et al. [72, 28]: “Persuasive text is characterized by a specific use of language
in order to influence the reader”. We rely on this definition because it underpins the
annotation guidelines of the SemEval 2023 Task 3 dataset, the largest publicly
available resource for studying persuasion and one of the three human-written
datasets used in our study. Consequently, we selected additional datasets that
align well with this conceptualization of persuasion.

DIPROMATS 2024 [198], which build on the SemEval task, offers data that
is directly compatible with this definition and is therefore suitable for our ex-
periments. Finally, Piskorski et al. [34] demonstrate that this definition can
be effectively and reliably applied to debates and discussions, motivating our
choice of the ChangeMyView dataset, comprising message exchanges between
persuaders and persuadees, as an additional human-written source.

7.2 Persuaficial: Artificially Generated Persuasion Dataset

In this section, we introduce a new dataset, Persuaficial, which contains persua-
sion texts generated artificially using large language models.

7.2.1 Persuasive Text Generation Approaches

Inspired by Chen and Shu [56], which explores methods for generating synthetic
misinformation, we developed a controllable persuasion generationGP , in which
P denotes one of four approaches for generating persuasive text: Paraphrasing,
Rewriting with Subtle Persuasion, Rewriting with Intensified Persuasion, and Open-
ended generation.

Each persuasive text was generated under controlled prompting conditions.
Specifically, prompts included human-annotated persuasive texts together with
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Approach Prompt Example
Paraphrased
Persuasion

Given a passage, please paraphrase it. The original content mean-
ing and level of persuasion must be strictly preserved. The pas-
sage is: <passage>

Rewritten Persuasion
(Subtle Effect)

Given a passage, please rewrite it to make its persuasiveness
more subtle and harder to detect. The original content and
meaning should be the same. The passage is: <passage>

Rewritten Persuasion
(Intensified Effect)

Given a passage, please rewrite it so that the persuasion present
in the content is refined for a stronger persuasive effect. The
original content and meaning should be the same. The passage
is: <passage>

Open-Ended
Persuasion

Given a sentence, please write a short piece of text. The short
text must contain persuasion. The sentence is: <sentence>

Table 7.1: Overview of four approaches used for generating persuasive texts with large
language models. Each method represents a distinct level of control over persuasive
strength and content nature.

instructions to paraphrase or rewrite the input while preserving, strengthen-
ing, or softening its persuasive effect. For the open-ended generation setting,
following the approach of Chen and Shu [56], the model was provided with con-
cise summaries of the corresponding human-annotated persuasive examples.
This procedure was applied to all selected instances across the chosen texts,
using identical prompt templates for all languages. For non-English cases, we
appended instructions specifying the target language of generation.

Controlling the generation process through explicit instructions is crucial for
our study, as it ensures that the resulting LLM-generated persuasive texts remain
semantically comparable to human-written texts. This comparability is essential
for reliable evaluation of both persuasion detection performance and linguistic
differences between human- and AI-generated persuasive texts.

All approaches for generating synthetic text with persuasion, along with ex-
ample prompts, are included in Table 7.1. More details about the prompts for
the generation of the Persuaficial dataset are shown in the Appendix A.7.1.

7.2.2 Persuaficial Dataset Construction

Persuaficial is an AI-generated persuasion dataset constructed using multiple
LLMs and diverse generation approaches. For Paraphrasing, Rewriting (Subtle
Effect), and Rewriting (Intensified Effect), we sample 1,000 texts from three real-
world persuasion datasets (described in Section 7.1). Each sample includes 500
texts annotated as persuasive and 500 labeled as non-persuasive2.

2The only exception was German: the corpus contained only 420 non-persuasive texts, so we
included all of them and randomly sampled 580 persuasive texts.
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Each selected persuasive text is treated as <passage> (see Table 7.1) and serves
as input for the generation method. For Open-ended generation, we first summa-
rize each selected persuasive text into a factual statements. We use the resulting
<sentence> for the generation of persuasive synthetic text.

We employ open-weight and proprietary LLMs for dataset construction. The
open models include Gemma 3 27b it and Llama 3.3 70B. The commercial mod-
els are Gemini 2.0 Flash and GPT 4.1 Mini. Our selection of models aimed to
cover widely recognized, high-performing models while balancing accessibility
and cost. Additionally, we included two open-weight models to provide exper-
iments that can be reproduced without reliance on closed API-based models.
To encourage more diverse, creative and less repetitive phrasing in the model
outputs, we set the generation temperature to 0.8. Our choice of temperature for
generating synthetic persuasive texts was directly informed by the settings used
by Chen and Shu [56] in a related task involving misinformation generation.

7.2.3 Pre-Generation Quality Evaluation

As mentioned, for the Open-ended generation setting, we first summarize each
selected persuasive text into a short <sentence>. To ensure these <sentence>s
accurately represent the source human text, we conducted a human evaluation
following explicit and rigorous annotation guidelines (see Appendix A.8.1).

Two annotators were first trained by author of this dissertation, who has prior
experience in annotation. A small training sample of 50 English sentences was
selected, and the annotators independently applied the annotation guidelines,
with opportunities to discuss their decisions. After completing the training
phase, they reviewed and discussed their independent evaluations to align their
understanding of the guidelines. The annotations from this training phase were
excluded from further evaluation.

For the final evaluation, a sample of 200 English <sentence>s was selected. Two
independent annotators assessed each <sentence> for factual correspondence.
We then computed the accuracy of the LLM-generated <sentence>s, considering
as positive only those instances where both annotators independently agreed
that a sentence was factual. The resulting accuracy of the LLM generation
process was about 91.2%, suggesting that LLMs may be effective at transforming
texts into a short factual statements. Moreover, most mismatches between the
generated <sentence>s and source texts were minor in nature, e.g., converting
an exclamatory formulation (“Introduce the law!”) into a declarative one (“The
law will be introduced.”). This result suggests that the generated factual sentences
are of generally high quality and are unlikely to negatively impact the overall
quality of the resulting Persuaficial dataset.
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7.2.4 Post-Generation Quality Evaluation

To ensure that the final Persuaficial dataset meets the intended goal of containing
persuasive content produced by LLMs under controlled prompting conditions,
we conducted a multi-stage post-generation quality evaluation. While the pre-
generation evaluation ensured that the factual sentences for Open-ended approach
were valid, the post-generation evaluation verifies whether the LLM-generated
persuasive variants are (1) faithful to the target factual content, (2) persuasive,
and (3) faithful to the instruction from persuasion generation approach.

We adopted a two-layer rigorous verification design that separates basic va-
lidity checking from persuasion-specific judging. We verified 400 generated
English texts, each independently annotated by two trained annotators follow-
ing detailed instructions (Appendix A.8.2). As a result, we report an overall
accuracy metric, defined as the proportion of generated texts unanimously an-
notated as valid by two annotators, where validity required that all three criteria
received a positive annotation.

Due to the conservative requirement that all three criteria be jointly satisfied,
the overall accuracy is 88.2%. Most invalid cases involve only minor factual de-
viations rather than substantive inconsistencies. When considering persuasion-
related criteria alone, accuracy grows to 97.69%, indicating that LLMs reliably
generate persuasive text and justifying the use of this data for subsequent com-
parisons between human- and AI-generated persuasive texts.

7.3 Persuaficial Dataset Statistics

For each language, we sampled 1,000 human-written passages from the original
datasets and generated persuasive variants using four LLMs and four generation
approaches (4 models × 4 approaches = 16 generation configurations). This
resulted in approximately 24,000 texts in English and 40,000 texts for the non-
English languages. In total, Persuaficial is a multilingual corpus of about 64,000
texts. Table 7.2 presents basic statistics for our dataset.

7.4 Automatic Classification of Human and AI-Generated
Persuasion

7.4.1 Experimental Setup

For our experiments, we use Persuaficial, which comprises artificially generated
persuasive texts. Moreover, we use human-written counterparts. Each experi-
ment uses data that is balanced across persuasive and non-persuasive classes.
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Type Persuaficial English French German Italian Polish Russian
Average number of words (Avgw) per text.
Human – 117 46 44 48 46 40
Intensified 87 118 75 68 75 70 55
Open_end 65 60 76 71 75 61 58
Paraphrased 81 111 66 59 66 62 48
Rewritten 87 110 69 63 70 66 52
Average number of characters (Avgch) per text.
Human – 695 288 314 313 327 285
Intensified 605 791 498 512 511 526 417
Open_end 450 391 498 524 507 454 442
Paraphrased 538 727 430 434 443 459 360
Rewritten 568 742 465 476 488 493 400
Number of texts (Count) per dataset and generation type.
Human – 3000 1000 1000 1000 1000 1000
Intensified 16320 6000 2000 2320 2000 2000 2000
Open_end 16320 6000 2000 2320 2000 2000 2000
Paraphrased 16320 6000 2000 2320 2000 2000 2000
Rewritten 16320 6000 2000 2320 2000 2000 2000

Table 7.2: Basic statistics for LLM-generated persuasive texts in our Persuaficial dataset
and human-written counterparts. We present basic statistics for general full dataset, but
also on samples that present all languages.

For automatic persuasion detection, we employed four LLMs: GPT-4.1 Mini,
Gemini 2.0 Flash, Gemma 3 27B Instruct, and Llama 3.3 70B. To ensure as determin-
istic outputs as possible, we set the temperature to 0 during classification. Since
our goal is to detect persuasion, we formulate the task as a binary classification
problem. All classifications were performed in a zero-shot setting with temper-
ature set to 0.0 to ensure as much determinism in the classification predictions
as possible. Zero-shot approach aligns with our research question (RQ1). More-
over, studies show that zero-shot detection with modern LLMs (e.g., GPT-4)
can outperform supervised models such as BERT on binary classification tasks
[65, 66, 67]. Furthermore, Lucas et al. [13] and Modzelewski et al. [18] report
that while fine-tuning BERT on multiple datasets results in poor generalization
to unseen data, zero-shot LLMs maintain strong cross-domain performance. We
evaluate persuasion detection performance using the F1 score. Further details
supporting reproducibility, specifically the prompt templates used for persua-
sion detection, are provided in Appendix A.7.2.

7.4.2 Results on English Datasets

Table 7.3 reports F1 scores for persuasion detection on three human-written
balanced samples and their LLM-generated counterparts produced using four
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generation approaches.

Classifier Human-written Paraphrase Rewriting Open-ended
Subtle Intensive

Sample of Persuaficial generated based on: SemEval 2023 data
GPT 4.1 Mini 0.7398 0.7007 ↓5% 0.4031 ↓46% 0.8148 ↑10% 0.8964 ↑21%
Llama 3.3 70B 0.7459 0.7207 ↓3% 0.4577 ↓39% 0.8111 ↑9% 0.8741 ↑17%
Gemma 3 27b it 0.7572 0.7592 ↑0% 0.6453 ↓15% 0.8208 ↑8% 0.8562 ↑13%
Gemini 2.0 Flash 0.7551 0.7540 ↓0% 0.6522 ↓14% 0.7950 ↑5% 0.8117 ↑7%
Sample of Persuaficial generated based on: DIPROMATS 2024 data
GPT 4.1 Mini 0.7567 0.7461 ↓1% 0.4962 ↓34% 0.8100 ↑7% 0.8666 ↑15%
Llama 3.3 70B 0.7471 0.7362 ↓1% 0.5696 ↓24% 0.7860 ↑5% 0.8292 ↑11%
Gemma 3 27b it 0.7473 0.7460 ↓0% 0.6349 ↓15% 0.7782 ↑4% 0.7994 ↑7%
Gemini 2.0 Flash 0.7518 0.7427 ↓1% 0.6664 ↓11% 0.7640 ↑2% 0.7680 ↑2%
Sample of Persuaficial generated based on: ChangeMyView data
GPT 4.1 Mini 0.6233 0.6356 ↑2% 0.4906 ↓21% 0.6739 ↑8% 0.7148 ↑15%
Llama 3.3 70B 0.6517 0.6488 ↓0% 0.5536 ↓15% 0.6691 ↑3% 0.6831 ↑5%
Gemma 3 27b it 0.6644 0.6708 ↑1% 0.6334 ↓5% 0.6809 ↑2% 0.6843 ↑3%
Gemini 2.0 Flash 0.6671 0.6662 ↓0% 0.6294 ↓6% 0.6740 ↑1% 0.6770 ↑1%

Table 7.3: F1 scores for persuasion detection on English data. The first column reports
performance on human-annotated texts. The remaining columns show performance on
LLM-generated texts. For generated data, each value represents the average F1 score
obtained when classifying texts generated by four different LLMs.

On the Paraphrasing subset of our Persuaficial dataset, F1 scores are only
marginally lower than those for human-written texts (on average 0.67% lower),
indicating that paraphrasing preserves a similar level of difficulty for persuasion
detection across human and generated texts. In contrast, Rewriting (Intensified)
and Open-ended subsets yield the highest F1 scores. On average, persuasion is
9.75% easier to detect in open-ended scenario and 5.33% easier when persuasion
is intensified. This makes open-ended generated persuasive texts the easiest set-
ting for LLM-based detection. We hypothesize that models tend to over-express
explicit persuasive cues when prompted to generate persuasive text freely or
while intensifying persuasion, which in turn makes these texts more easily de-
tectable. The opposite pattern emerges for Rewriting (Subtle persuasion), where
F1 scores drop substantially, by 20.42% on average. This suggests that reduc-
ing overt persuasive markers makes persuasion significantly harder to detect,
even for strong LLM detectors. Importantly, these patterns are highly consistent
across datasets and across all detector models. This may indicate that the effects
generalize across domains and are independent of the specific LLM used for
detection.

Moreover, we present detailed F1 scores for persuasion detection across differ-
ent subsets of the Persuaficial datasets and LLM generation strategies. Table 7.4
reports results for SemEval 2023 Task 3 texts and their AI-generated counterparts,
Table 7.5 for the DIPROMATS 2024 dataset, and Table 7.6 for the ChangeMyView
dataset. For each dataset, classifier performance on human-written texts (first
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column) is compared with performance on LLM-generated texts produced via
paraphrasing, rewriting with subtle or intensive persuasion, and open-ended
generation. Results are further broken down by both the generating model and
the classifier model, highlighting how different generation approaches influence
the detectability of persuasion.

Classifier Human-written Paraphrase Rewriting Open-ended
Subtle Intensive

Generating model: GPT 4.1 Mini
GPT 4.1 Mini 0.7398 0.6984 ↓6% 0.3837 ↓48% 0.7638 ↑3% 0.8969 ↑21%
Llama 3.3 70B 0.7459 0.7310 ↓2% 0.4444 ↓40% 0.7757 ↑4% 0.8741 ↑17%
Gemma 3 27b it 0.7572 0.7561 ↓0% 0.6213 ↓18% 0.8007 ↑6% 0.8562 ↑13%
Gemini 2.0 Flash 0.7551 0.7487 ↓1% 0.6407 ↓15% 0.7780 ↑3% 0.8117 ↑7%
Generating model: Llama 3.3 70B
GPT 4.1 Mini 0.7398 0.6831 ↓8% 0.4411 ↓40% 0.7870 ↑6% 0.8969 ↑21%
Llama 3.3 70B 0.7459 0.6911 ↓7% 0.4811 ↓35% 0.7791 ↑4% 0.8741 ↑17%
Gemma 3 27b it 0.7572 0.7479 ↓1% 0.6746 ↓11% 0.8082 ↑7% 0.8562 ↑13%
Gemini 2.0 Flash 0.7551 0.7476 ↓1% 0.6691 ↓11% 0.7921 ↑5% 0.8117 ↑7%
Generating model: Gemma 3 27b it
GPT 4.1 Mini 0.7398 0.7025 ↓5% 0.3445 ↓53% 0.8611 ↑16% 0.8969 ↑21%
Llama 3.3 70B 0.7459 0.7222 ↓3% 0.4118 ↓45% 0.8469 ↑14% 0.8741 ↑17%
Gemma 3 27b it 0.7572 0.7675 ↑1% 0.6241 ↓18% 0.8383 ↑11% 0.8562 ↑13%
Gemini 2.0 Flash 0.7551 0.7614 ↑1% 0.6202 ↓18% 0.8039 ↑6% 0.8117 ↑7%
Generating model: Gemini 2.0 Flash
GPT 4.1 Mini 0.7398 0.7188 ↓3% 0.4430 ↓40% 0.8472 ↑15% 0.8949 ↑21%
Llama 3.3 70B 0.7459 0.7385 ↓1% 0.4936 ↓34% 0.8428 ↑13% 0.8741 ↑17%
Gemma 3 27b it 0.7572 0.7652 ↑1% 0.6613 ↓13% 0.8362 ↑10% 0.8562 ↑13%
Gemini 2.0 Flash 0.7551 0.7583 ↑0% 0.6787 ↓10% 0.8059 ↑7% 0.8117 ↑7%

Table 7.4: F1 scores for persuasion detection on English data sample of Persuaficial.
More specifically, on sample of Persuaficial generated using English texts from SemEval
2023 Task 3 dataset. The first column reports performance on English texts from SemEval
2023 Task 3 human-annotated texts. The remaining columns show performance on LLM-
generated English counterparts.

In summary, addressing RQ1, the detectability of LLM-generated persuasive
text depends on the generation approach: texts produced via open-ended and
intensified persuasion are easier to detect, whereas subtly persuasive generations
remain substantially more challenging for current LLM-based detectors.

7.4.3 Results on Non-English Datasets

Table 7.7 shows persuasion detection results for German, French, Italian, Polish,
and Russian. The patterns observed in English hold consistently across all
languages and classifiers. Paraphrasing preserves a difficulty level similar to
human-written texts, whereas intensified rewriting and open-ended generation
yield the highest F1 scores. Open-ended generation often exceeds F1 of 0.90
which gives the easiest to detect persuasion. In contrast, subtle rewriting causes
the largest drop in performance. Overall, these trends suggest that generation
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Classifier Human-written Paraphrase Rewriting Open-ended
Subtle Intensive

Generating model: GPT 4.1 Mini
GPT 4.1 Mini 0.7567 0.7435 ↓2% 0.4948 ↓35% 0.7866 ↑4% 0.8666 ↑15%
Llama 3.3 70B 0.7471 0.7348 ↓2% 0.5795 ↓22% 0.7679 ↑3% 0.8292 ↑11%
Gemma 3 27b it 0.7473 0.7441 ↓0% 0.6308 ↓16% 0.7607 ↑2% 0.7994 ↑7%
Gemini 2.0 Flash 0.7518 0.7449 ↓1% 0.6711 ↓11% 0.7595 ↑1% 0.7680 ↑2%
Generating model: Llama 3.3 70B
GPT 4.1 Mini 0.7567 0.7338 ↓3% 0.5595 ↓26% 0.7967 ↑5% 0.8666 ↑15%
Llama 3.3 70B 0.7471 0.7314 ↓2% 0.6251 ↓16% 0.7775 ↑4% 0.8292 ↑11%
Gemma 3 27b it 0.7473 0.7410 ↓1% 0.6928 ↓7% 0.7749 ↑4% 0.7994 ↑7%
Gemini 2.0 Flash 0.7518 0.7400 ↓2% 0.7002 ↓7% 0.7652 ↑2% 0.7680 ↑2%
Generating model: Gemma 3 27b it
GPT 4.1 Mini 0.7567 0.7672 ↑1% 0.3951 ↓48% 0.8404 ↑11% 0.8666 ↑15%
Llama 3.3 70B 0.7471 0.7449 ↓0% 0.4898 ↓34% 0.8074 ↑8% 0.8292 ↑11%
Gemma 3 27b it 0.7473 0.7504 ↑0% 0.5777 ↓23% 0.7936 ↑6% 0.7994 ↑7%
Gemini 2.0 Flash 0.7518 0.7459 ↓1% 0.6232 ↓17% 0.7662 ↑2% 0.7680 ↑2%
Generating model: Gemini 2.0 Flash
GPT 4.1 Mini 0.7567 0.7399 ↓2% 0.5353 ↓29% 0.8163 ↑8% 0.8666 ↑15%
Llama 3.3 70B 0.7471 0.7336 ↓2% 0.5838 ↓22% 0.7911 ↑6% 0.8292 ↑11%
Gemma 3 27b it 0.7473 0.7483 ↑0% 0.6383 ↓15% 0.7838 ↑5% 0.7994 ↑7%
Gemini 2.0 Flash 0.7518 0.7400 ↓2% 0.6711 ↓11% 0.7652 ↑2% 0.7680 ↑2%

Table 7.5: F1 scores for persuasion detection on English data sample of Persuaficial.
More specifically, on sample of Persuaficial generated using DIPROMATS 2024 dataset.
The first column reports performance on DIPROMATS 2024 human-annotated texts.
The remaining columns show performance on LLM-generated counterparts.

Classifier Human-written Paraphrase Rewriting Open-ended
Subtle Intensive

Generating model: GPT 4.1 Mini
GPT 4.1 Mini 0.6233 0.6337 ↑2% 0.4941 ↓21% 0.6582 ↑6% 0.7148 ↑15%
Llama 3.3 70B 0.6517 0.6546 ↑0% 0.5665 ↓13% 0.6667 ↑2% 0.6831 ↑5%
Gemma 3 27b it 0.6644 0.6745 ↑2% 0.6388 ↓4% 0.6809 ↑2% 0.6836 ↑3%
Gemini 2.0 Flash 0.6671 0.6662 ↓0% 0.6431 ↓4% 0.6726 ↑1% 0.6770 ↑1%
Generating model: Llama 3.3 70B
GPT 4.1 Mini 0.6233 0.6137 ↓2% 0.4619 ↓26% 0.6481 ↑4% 0.7148 ↑15%
Llama 3.3 70B 0.6517 0.6307 ↓3% 0.5226 ↓20% 0.6564 ↑1% 0.6831 ↑5%
Gemma 3 27b it 0.6644 0.6644 ↓0% 0.6133 ↓8% 0.6772 ↑2% 0.6845 ↑3%
Gemini 2.0 Flash 0.6671 0.6607 ↓1% 0.6112 ↓8% 0.6717 ↑1% 0.6770 ↑1%
Generating model: Gemma 3 27b it
GPT 4.1 Mini 0.6233 0.6572 ↑5% 0.4840 ↓22% 0.7009 ↑12% 0.7148 ↑15%
Llama 3.3 70B 0.6517 0.6574 ↑1% 0.5515 ↓15% 0.6758 ↑4% 0.6831 ↑5%
Gemma 3 27b it 0.6644 0.6754 ↑2% 0.6349 ↓4% 0.6836 ↑3% 0.6845 ↑3%
Gemini 2.0 Flash 0.6671 0.6689 ↑0% 0.6259 ↓6% 0.6762 ↑1% 0.6770 ↑1%
Generating model: Gemini 2.0 Flash
GPT 4.1 Mini 0.6233 0.6379 ↑2% 0.5226 ↓16% 0.6885 ↑10% 0.7148 ↑15%
Llama 3.3 70B 0.6517 0.6527 ↑0% 0.5740 ↓12% 0.6776 ↑4% 0.6831 ↑5%
Gemma 3 27b it 0.6644 0.6690 ↑1% 0.6465 ↓3% 0.6818 ↑3% 0.6845 ↑3%
Gemini 2.0 Flash 0.6671 0.6689 ↑0% 0.6374 ↓4% 0.6753 ↑1% 0.6770 ↑1%

Table 7.6: F1 scores for persuasion detection on English data sample of Persuaficial.
More specifically, on sample of Persuaficial generated using ChangeMyView dataset.
The first column reports performance on ChangeMyView human-annotated texts. The
remaining columns show performance on LLM-generated counterparts.
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approaches influence persuasion detectability, with effects that may generalize
across languages.

Classifier Human-written Paraphrase Rewriting Open-ended
Subtle Intensive

German
GPT 4.1 Mini 0.7203 0.7207 ↑0% 0.4410 ↓39% 0.8456 ↑17% 0.9414 ↑31%
Llama 3.3 70B 0.7361 0.7248 ↓2% 0.4398 ↓40% 0.8474 ↑15% 0.9345 ↑27%
Gemma 3 27b it 0.7655 0.7763 ↑1% 0.6664 ↓13% 0.8512 ↑11% 0.9004 ↑18%
Gemini 2.0 Flash 0.7903 0.7880 ↓0% 0.6905 ↓13% 0.8385 ↑6% 0.8591 ↑9%
French
GPT 4.1 Mini 0.7505 0.7454 ↓1% 0.4290 ↓43% 0.8456 ↑13% 0.9251 ↑23%
Llama 3.3 70B 0.7605 0.7450 ↓2% 0.4527 ↓40% 0.8432 ↑11% 0.9172 ↑21%
Gemma 3 27b it 0.7827 0.7866 ↑0% 0.6587 ↓16% 0.8476 ↑8% 0.8824 ↑13%
Gemini 2.0 Flash 0.7812 0.7860 ↑1% 0.6800 ↓13% 0.8314 ↑6% 0.8418 ↑8%
Italian
GPT 4.1 Mini 0.7471 0.7330 ↓2% 0.4246 ↓43% 0.8428 ↑13% 0.9195 ↑23%
Llama 3.3 70B 0.7584 0.7172 ↓5% 0.4285 ↓43% 0.8420 ↑11% 0.9161 ↑21%
Gemma 3 27b it 0.7659 0.7804 ↑2% 0.6610 ↓14% 0.8399 ↑10% 0.8686 ↑13%
Gemini 2.0 Flash 0.7986 0.7938 ↓1% 0.6781 ↓15% 0.8301 ↑4% 0.8408 ↑5%
Polish
GPT 4.1 Mini 0.7330 0.7060 ↓4% 0.4580 ↓38% 0.8483 ↑16% 0.9367 ↑28%
Llama 3.3 70B 0.7676 0.7389 ↓4% 0.5041 ↓34% 0.8518 ↑11% 0.9206 ↑20%
Gemma 3 27b it 0.7728 0.7783 ↑1% 0.6919 ↓10% 0.8427 ↑9% 0.8834 ↑14%
Gemini 2.0 Flash 0.7733 0.7732 ↓0% 0.7018 ↓9% 0.8101 ↑5% 0.8217 ↑6%
Russian
GPT 4.1 Mini 0.7246 0.7073 ↓2% 0.4392 ↓39% 0.8242 ↑14% 0.9017 ↑24%
Llama 3.3 70B 0.7408 0.7164 ↓3% 0.4312 ↓42% 0.8324 ↑12% 0.9086 ↑23%
Gemma 3 27b it 0.7360 0.7416 ↑1% 0.6128 ↓17% 0.8098 ↑10% 0.8562 ↑16%
Gemini 2.0 Flash 0.7683 0.7616 ↓1% 0.6795 ↓12% 0.7877 ↑3% 0.8019 ↑4%

Table 7.7: F1 scores for persuasion detection on non-English data samples. The first
column reports performance on human-annotated texts. The remaining columns show
performance on LLM-generated texts. For generated data, each value represents the
average F1 score obtained when classifying texts generated by four different LLMs.

7.5 Linguistic Differences Between
Machine and Human Persuasion

In this section, we investigate the linguistic differences between human-written
and AI-generated persuasive texts in English. We focus on English due to
the limited availability of high-quality datasets in other languages. While the
SemEval 2023 Task 3 data provides a multilingual resource [203, 30], relying
solely on it could introduce dataset-specific biases. To mitigate this, we use
Persuaficial, including samples of three established English datasets with their
AI-generated counterparts.
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7.5.1 Our Approach for Linguistic Analysis

To investigate the linguistic differences between human-written persuasive texts
and LLM-generated persuasive texts, we adopt an explainable, feature-based
analysis grounded in stylometry. Our objective is to identify the linguistic
features that most strongly differentiate LLM-generated persuasive texts from
human-written ones. For each linguistic feature, we compare the distributions of
the two groups using effect-size-based analysis together with significance test-
ing. Effect sizes quantify the magnitude of the difference between human and
AI-generated texts for each feature [204], while significance testing evaluates
whether these distributional differences are statistically meaningful. Our anal-
ysis identifies which linguistic properties differ systematically between human-
and AI-produced persuasive texts.

7.5.2 StyloMetrix for Linguistic Analysis of Persuasive Texts

For our analysis, we utilize StyloMetrix, because it is an open-source tool that pro-
vides fully interpretable, linguistically grounded feature representations. More-
over, prior work has demonstrated its effectiveness for persuasion detection
using classical machine learning models [195, 196], confirming its suitability for
analyzing the linguistic characteristics of persuasive texts. Finally, to further jus-
tify our choice, in this section we show that StyloMetrix features with classical
machine learning can distinguish human-written from AI-generated persuasive
texts.

Experimental Setup. We conduct a classification study using classical machine
learning models with features calculated by StyloMetrix. We aim to prove that
linguistic features contain enough information to differentiate AI-generated per-
suasion from human-written persuasion.

For all English synthetic texts generated by GPT 4.1. Mini with each gen-
eration approach, we trained a separate classifier. For each experiment, we
split the data into training and test sets, allocating 70% for training and 30%
for testing. To ensure a credible evaluation, each human-written text and its
LLM-generated counterpart were placed in the same split, either training or test.
This prevents the classifier from exploiting the potential direct similarities be-
tween the paired texts. We employed widely used tree-based machine learning
methods as classifiers, as they naturally capture non-linear interactions and are
well-suited for moderate- to high-dimensional tabular data [205, 206]. Previous
work has shown that, for tabular data, tree-based models can even outperform
deep learning approaches [205].
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Results. Table 7.8 shows the results of these experiments. The outcomes show a
clear progression: the more generative freedom the LLM is given, the easier it be-
comes for tree-ensemble models to distinguish its outputs from human-written
persuasion. Paraphrasing keeps the AI text close to the original human style,
yielding only moderate detection performance. In the Rewriting conditions, the
model introduces larger stylistic shifts, whether by making persuasion subtler
or more intense, which improves separability. Open-ended generation, starting
from only a brief neutral summary, produces the greatest stylistic divergence
and thus the highest classification accuracy. Overall, linguistic features become
increasingly informative as the generation task becomes less constrained. This
analysis further proves the usefulness of StyloMetrix for comparison between
linguistic features on persuasive human-written texts vs. AI-generated.

Model Precision Recall F1 Accuracy
GPT 4.1 Mini – Paraphrasing
RF 0.74 0.74 0.74 0.74
XGB 0.76 0.76 0.76 0.76
LGBM 0.76 0.76 0.76 0.76
GPT 4.1 Mini – Rewriting with Subtle Persuasive Effect
RF 0.84 0.84 0.84 0.84
XGB 0.87 0.87 0.87 0.87
LGBM 0.86 0.86 0.86 0.86
GPT 4.1 Mini – Rewriting with Intensified Persuasive Effect
RF 0.83 0.83 0.83 0.83
XGB 0.84 0.84 0.84 0.84
LGBM 0.86 0.85 0.85 0.85
GPT 4.1 Mini – Open-ended
RF 0.97 0.97 0.97 0.97
XGB 0.97 0.97 0.97 0.97
LGBM 0.98 0.98 0.98 0.98

Table 7.8: Classification performance of detecting GPT-4.1-Mini-generated persuasive
texts versus human-written persuasive texts using linguistic-feature representations.
Each experiment reflects a different AI-generation strategy and uses data combined
from three English datasets.

7.5.3 Experimental Setup for Linguistic Analysis

We first represent each persuasive human text and its AI-generated counterpart
using StyloMetrix [194]. For each text, we calculate a 196-dimensional vector
of linguistic features. This results in a tabular representation, where each row
corresponds to a text encoded by its computed linguistic features.

For each linguistic feature, we directly compare its distribution in human-
written and LLM-generated persuasive texts, conducting this analysis separately
for each generation approach. We utilize Cohen’s d statistic which is a type of
effect size measure used to represent the magnitude of differences between
two groups on a given variable [204]. For each linguistic feature, we calculate
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Cohen’s d to quantify the magnitude of the shift between the feature distribution
of generated texts gi and that of their human-written persuasive counterparts ri.
Cohen’s d is defined in Equation 7.5 and is computed as follows.

First, we calculate the mean of each feature for human-written and generated
texts:

r̄ =
1

nr

nr∑︂
i=1

ri, ḡ =
1

ng

ng∑︂
i=1

gi, (7.1)

where nr and ng denote the number of human-written and generated texts,
respectively. In our experiments, nr = ng as for each human-written persuasive
text we have AI-generated counterpart.

Next, we compute the sample standard deviations for each group:

sr =

⌜⃓⃓⎷ 1

nr − 1

nr∑︂
i=1

(ri − r̄)2, (7.2)

sg =

⌜⃓⃓⎷ 1

ng − 1

ng∑︂
i=1

(gi − ḡ)2. (7.3)

Using these, we calculate the pooled standard deviation:

spooled =

√︄
(nr − 1)s2r + (ng − 1)s2g

nr + ng − 2
. (7.4)

Finally, Cohen’s d is obtained as the difference in means normalized by the
pooled standard deviation:

d =
ḡ − r̄

spooled
(7.5)

This effect size, Cohen’s d, provides a standardized measure of the shift in
feature distributions between generated and human-written persuasive texts,
allowing comparison across features and models.

To assess whether feature distributions differ significantly between human-
written and AI-generated texts, we apply the Wilcoxon signed-rank test [207].
This non-parametric paired test is well suited for comparing matched text pairs
and is widely used in NLP research [208, 164], including studies that analyze
differences in feature distributions [209, 210, 211, 212].

Because many feature distributions may deviate from normality, we avoid
parametric assumptions when testing for statistical significance. The test is ap-
plied to per-text differences di = gi−ri. To account for multiple comparisons aris-
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ing from testing each feature independently, we apply the Benjamini-Hochberg
false discovery rate (FDR) correction [213] across all features.

G_ACTIVE The proportion of verbs in the text used in the active voice.
L_ADV_SUPERLATIVE Measures how often superlative adverbial (and some adjective-as-adverb)
forms appear in a text.
L_ADV_COMPARATIVE The proportion of tokens that are adverbs used in comparative degree (e.g.,
"more", "less", or marked comparative forms)
L_FUNC_A The proportion of tokens in a text that are function words.
L_CONT_T The proportion of unique content-word forms in relative to total tokens.
L_CONT_A The proportion of tokens in a text that are content words.
L_PUNCT_COM Comma incidence measures frequency of commas relative to text length.
L_PUNCT_DASH Measures the density of dashes within a text.
L_PUNCT_DOT Measures the incidence of periods (dots) relative to the total number of words.
L_PLURAL_NOUNS Measures the density of plural nouns within a text.
LTOKEN_RATIO_LEM (ST_TYPE_TOKEN_RATIO_LEMMAS) The ratio of unique lemmas to total
tokens.
POS_ADJ The proportion of tokens in the text that are adjectives, indicating the level of descriptiveness.
POS_NOUN The proportion of tokens in the text that are nouns.
POS_PRO The proportion of tokens in the text that are pronouns.
PS_CAUSE Measures the incidence of linking words and phrases related to cause and purpose.
SENT_D_NP (ST_SENT_D_NP) Measures the average proportion of noun phrase (NPs) tokens relative
to sentence length, averaged over all sentences in a document.
SENT_D_PP (ST_SENT_D_PP) Measures the average proportion of tokens that belong to prepositional
phrases (PPs) in each sentence, averaged over all sentences in the document.
SENT_D_VP (ST_SENT_D_VP) Measures the average proportion of tokens in a sentence that are not
marked with a verb tense, relative to total sentence length, averaged over all sentences in the document.
SENT_ST_DIFFER (ST_SENT_DIFFERENCE) Quantifies syntactic variation between consecutive sen-
tences by comparing their dependency label sets and averaging over the document.
SENT_ST_WPERSENT Indicates the normalized difference between the total number of tokens and the
number of sentences in a document (a proxy for sentence length).
ST_REPET_WORDS (ST_REPETITIONS_WORDS) Measures the level of lexical repetition by computing
the proportion of repeated word tokens in a text normalized by total token count.
SY_EXCLAMATION Measures the proportion of unique word tokens that appear in exclamatory sen-
tences relative to all tokens in the text.
SY_IMPERATIVE Measures the proportion of unique alphabetic words that appear in sentences classi-
fied as imperative, relative to all tokens in the document.
SY_INV_PATTERNS (SY_INVERSE_PATTERNS) A syntactic feature that measures the frequency of
inverted sentence structures within a text.
SY_NARRATIVE Measures the proportion of tokens in declarative sentences relative to all tokens.
VF_INFINITIVE A syntactic feature that measures the proportion of infinitive verb forms.
VT_MIGHT Measures the frequency of "might" in a text.

Figure 7.1: StyloMetrix features with the highest discriminative importance in distin-
guishing human-written from LLM-generated persuasive text.

7.5.4 Results and Analysis

We computed Cohen’s d values for 196 linguistic features across four genera-
tion approaches and four LLMs utilized to generate texts for our Persuaficial
dataset. Table 7.9 sorts top linguistic features by the absolute Cohen’s d (|Cd|)
values per model and generation approach (GP ). Our analysis and discussion is
based on the twenty features with the largest |Cd| for each model and generation
strategy. Tables from 7.10 to 7.25 report the top 20 features that most strongly
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distinguish AI-generated persuasive texts from human-written persuasive texts.
We provide 16 tables in total, reflecting Cohen’s d effect sizes computed sepa-
rately for each generating model and for each generation setting: Paraphrasing,
Rewriting subtle persuasion, Rewriting intensified persuasion, and Open-ended
generation. Statistical analysis using Wilcoxon signed-rank tests confirmed that
all twenty features for each scenario exhibit significant distributional differences
between human-written and AI-generated persuasive texts. Figure 7.1 provides
definitions of the key differentiating features.

High values of features such as L_CONT_T (the proportion of unique content-
word forms relative to total tokens), LTOKEN_RATIO_LEM (the ratio of unique
lemmas to total tokens), and L_CONT_A (the proportion of tokens that are con-
tent words) indicate that AI-generated texts tend to contain more varied content
words and higher informational density per sentence. These patterns suggest
that lexical diversity and content richness are characteristic markers of AI author-
ship. Similarly, low values for ST_REPET_WORDS are indicative of AI-generated
persuasive texts, suggesting that reduced word repetition serves as a strong sig-
nal of LLM-generated text. A higher proportion of function words (L_FUNC_A)
indicates that a persuasive text is likely human-written. This means that fre-
quent use of grammatical connectors (such as articles, prepositions, pronouns,
and auxiliary verbs) is a signal of human text. Furthermore, AI-generated per-
suasive texts generally exhibit lower punctuation density, especially in texts from
Llama and GPT-4.1-mini. However, certain punctuation marks, including com-
mas (L_PUNCT_COM) and dashes (L_PUNCT_DASH), occur more frequently
in these AI texts. The rarity of syntactically marked constructions, such as in-
versions (SY_INV_PATTERNS), is a distinguishing feature of AI text, as these
complex syntactic patterns are more typical of human-written persuasive texts.

In AI-generated texts that intensify persuasion, comparative and superla-
tive adverbs (L_ADV_COMPARATIVE with words like "more", "faster", and
L_ADV_SUPERLATIVE with words like "best", "worst") appear more frequently
than in human-written texts. This suggests that AI strengthens persuasive lan-
guage through the increased use of adverbial modifiers, highlighting a distinc-
tive stylistic strategy in LLM-generated intensified texts.

In AI-generated texts that aim to make persuasion more subtle, modal verbs
such as "might" (VT_MIGHT) occur more frequently than in human-written
texts. Similarly, narrative framing (SY_NARRATIVE), defined as the proportion
of tokens in declarative sentences relative to all tokens, is more prevalent in AI
subtle rewritings. These patterns may indicate that AI softens persuasion by us-
ing modal hedges and favors neutral declarative constructions over exclamatory
sentences or rhetorical questions more often than humans do.
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Open-ended AI-generated texts exhibit a consistent linguistic profile char-
acterized by high lexical diversity and elevated content-word density (e.g.,
L_CONT_T, L_CONT_A, LTOKEN_RATIO_LEM). AI systems also show sub-
stantially lower function-word usage and reduced lexical repetition. In addition,
AI-generated texts rely more heavily on imperative and infinitival constructions
while avoiding marked syntactic patterns such as inversions, which may result
in structurally simpler and more schematic syntax.

Paraphrasing Rewriting for Subtle Effects Rewriting for Intensified Effects Open-ended
Feature Name Cd Feature Name Cd Feature Name Cd Feature Name Cd

Generating Model: GPT 4.1 Mini
L_CONT_T 0.51 L_CONT_T 0.70 L_CONT_T 0.77 L_CONT_T 1.62
L_CONT_A 0.46 L_CONT_A 0.62 L_CONT_A 0.77 L_CONT_A 1.43
SY_INV_PATTERNS -0.45 VT_MIGHT 0.62 L_PUNCT_DASH 0.72 LTOKEN_RATIO_LEM 1.32
LTOKEN_RATIO_LEM 0.37 SY_INV_PATTERNS -0.61 L_FUNC_A -0.57 SENT_D_NP 1.05
L_FUNC_A -0.36 L_PLURAL_NOUNS 0.54 LTOKEN_RATIO_LEM 0.51 ST_REPET_WORDS -1.00
Generating Model: Llama 3.3 70B
SENT_ST_WPERSENT 0.71 SY_INV_PATTERNS -0.75 SENT_ST_WPERSENT 0.80 VF_INFINITIVE 1.34
SENT_ST_DIFFER -0.70 G_ACTIVE -0.72 L_ADJ_POSITIVE 0.72 SY_IMPERATIVE 1.24
L_PUNCT_COM 0.67 SENT_ST_WPERSENT 0.70 L_PUNCT_COM 0.71 G_ACTIVE -0.91
SY_INV_PATTERNS -0.61 L_CONT_T 0.62 L_CONT_T 0.66 SENT_D_VP 0.83
L_CONT_T 0.54 SENT_D_PP 0.62 POS_ADJ 0.65 L_PUNCT_DOT -0.81
Generating Model: Gemma 3 27b it
L_CONT_T 0.75 L_CONT_T 1.02 L_CONT_T 1.04 SY_IMPERATIVE 1.74
L_CONT_A 0.67 L_CONT_A 1.02 L_CONT_A 1.01 L_CONT_T 1.4
L_FUNC_A -0.62 L_FUNC_A -0.89 L_FUNC_A -0.97 L_CONT_A 1.25
SY_INV_PATTERNS -0.61 POS_PRO -0.73 L_ADJ_POSITIVE 0.90 SENT_D_NP 1.16
L_ADV_SUPERLATIVE 0.43 SY_INV_PATTERNS -0.71 POS_ADJ 0.83 PS_CAUSE -1.15
Generating Model: Gemini 2.0 Flash
L_CONT_A 0.73 L_CONT_A 0.92 L_CONT_A 1.02 L_CONT_T 1.57
L_CONT_T 0.71 L_CONT_T 0.92 L_CONT_T 0.99 L_CONT_A 1.37
SY_INV_PATTERNS -0.58 L_FUNC_A -0.73 L_FUNC_A -0.82 SY_IMPERATIVE 1.32
L_FUNC_A -0.54 SY_INV_PATTERNS -0.72 L_ADJ_POSITIVE 0.78 LTOKEN_RATIO_LEM 1.20
L_PUNCT_COM 0.49 POS_NOUN 0.59 POS_ADJ 0.72 SY_EXCLAMATION 1.11

Table 7.9: Top linguistic features by absolute Cohen’s d from four generation approaches
for all generating LLMs.

7.6 Discussion

This chapter examined the characteristics and detectability of persuasive texts
generated by large language models, using the Persuaficial corpus as an empirical
foundation. By controlling generation strategies and analyzing their linguistic
and computational detectability across multiple languages, this work provides
insights into how persuasion is realized in AI-generated content and how it
differs from human-authored persuasion.

A central finding of this study is that the detectability of persuasive content is
not an inherent property of machine-generated text, but is strongly shaped by the
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Stylometric Feature Cohen’s d Sig.
GPT 4.1 Mini - Paraphrasing
L_CONT_T 0.5054 ✓
L_CONT_A 0.4590 ✓
SY_INV_PATTERNS -0.4542 ✓
LTOKEN_RATIO_LEM 0.3713 ✓
L_FUNC_A -0.3619 ✓
L_PUNCT_DASH 0.3378 ✓
ST_REPET_WORDS -0.3280 ✓
L_PUNCT_SEMC -0.2656 ✓
L_PUNCT_COM 0.2298 ✓
ASM -0.2196 ✓
VT_MIGHT 0.1995 ✓
L_LINKS -0.1954 ✓
L_ADJ_POSITIVE 0.1723 ✓
CDS -0.1719 ✓
PS_AGREEMENT -0.1667 ✓
L_ADV_SUPERLATIVE 0.1664 ✓
L_ADV_COMPARATIVE 0.1592 ✓
POS_ADV 0.1583 ✓
PS_CAUSE -0.1537 ✓
PS_TIME -0.1532 ✓

Table 7.10: Top 20 linguistic features for AI-generated persuasive text with Paraphrasing
generation approach and GPT 4.1 Mini model vs. human-written persuasive texts (three
samples of human datasets combined vs. AI counterparts). Cohen’s d sorted by absolute
value.

Stylometric Feature Cohen’s d Sig.
GPT 4.1 Mini - Rewriting with Subtle Persuasive Effect
L_CONT_T 0.7036 ✓
L_CONT_A 0.6222 ✓
VT_MIGHT 0.6188 ✓
SY_INV_PATTERNS -0.6072 ✓
L_PLURAL_NOUNS 0.5444 ✓
L_FUNC_A -0.5293 ✓
SY_NARRATIVE 0.5242 ✓
LTOKEN_RATIO_LEM 0.4993 ✓
ST_REPET_WORDS -0.4319 ✓
POS_PRO -0.4307 ✓
L_YOU_PRON -0.4245 ✓
G_ACTIVE -0.4232 ✓
G_FUTURE -0.4015 ✓
L_SECOND_PERSON_PRON -0.3997 ✓
VT_FUTURE_SIMPLE -0.3949 ✓
CDS -0.3837 ✓
SENT_D_PP 0.3689 ✓
L_PUNCT -0.3401 ✓
VT_MAY 0.3378 ✓
SENT_ST_DIFFERENCE -0.3208 ✓

Table 7.11: Top 20 linguistic features for AI-generated persuasive text with Rewriting with
Subtle Persuasive Effect generation approach and GPT 4.1 Mini model vs. human-written
persuasive texts (three samples of human datasets combined vs. AI counterparts).
Cohen’s d sorted by absolute value.
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Stylometric Feature Cohen’s d Sig.
GPT 4.1 Mini - Rewriting with Intensified Persuasive Effect
L_CONT_T 0.7685 ✓
L_CONT_A 0.7654 ✓
L_PUNCT_DASH 0.7243 ✓
L_FUNC_A -0.5702 ✓
LTOKEN_RATIO_LEM 0.5075 ✓
L_ADV_SUPERLATIVE 0.5033 ✓
L_ADV_COMPARATIVE 0.4892 ✓
SY_INV_PATTERNS -0.4888 ✓
POS_ADV 0.4766 ✓
ST_REPET_WORDS -0.4037 ✓
L_ADJ_POSITIVE 0.3884 ✓
POS_ADJ 0.3670 ✓
ASM -0.3241 ✓
L_ADV_POSITIVE 0.3237 ✓
PS_CAUSE -0.3067 ✓
L_PUNCT_COM 0.3045 ✓
L_PUNCT_SEMC -0.2626 ✓
POS_PRO -0.2415 ✓
SENT_D_ADVP 0.2385 ✓
L_NOUN_PHRASES 0.2333 ✓

Table 7.12: Top 20 linguistic features for AI-generated persuasive text with Rewrit-
ing with Intensified Persuasive Effect generation approach and GPT 4.1 Mini model vs.
human-written persuasive texts (three samples of human datasets combined vs. AI
counterparts). Cohen’s d sorted by absolute value.

Stylometric Feature Cohen’s d Sig.
GPT 4.1 Mini - Open-ended
L_CONT_T 1.6204 ✓
L_CONT_A 1.4300 ✓
LTOKEN_RATIO_LEM 1.3172 ✓
SENT_D_NP 1.0532 ✓
ST_REPET_WORDS -0.9950 ✓
L_PUNCT_DASH 0.9885 ✓
L_FUNC_A -0.8585 ✓
SY_IMPERATIVE 0.8376 ✓
POS_NOUN 0.8076 ✓
POS_ADJ 0.7841 ✓
L_ADJ_POSITIVE 0.7816 ✓
SY_INV_PATTERNS -0.7496 ✓
L_LINKS -0.7474 ✓
VF_INFINITIVE 0.7252 ✓
G_PAST -0.6604 ✓
G_ACTIVE -0.6565 ✓
L_FIRST_PERSON_SING_PRON -0.6425 ✓
L_I_PRON -0.6425 ✓
SENT_D_VP 0.6275 ✓
VT_PAST_SIMPLE -0.5774 ✓

Table 7.13: Top 20 linguistic features for AI-generated persuasive text with Open-ended
generation approach and GPT 4.1 Mini model vs. human-written persuasive texts (three
samples of human datasets combined vs. AI counterparts). Cohen’s d sorted by absolute
value.
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Stylometric Feature Cohen’s d Sig.
Llama - Paraphrasing
SENT_ST_WPERSENT 0.7055 ✓
SENT_ST_DIFFERENCE -0.6979 ✓
L_PUNCT_COM 0.6659 ✓
SY_INV_PATTERNS -0.6146 ✓
L_CONT_T 0.5438 ✓
L_CONT_A 0.4861 ✓
G_ACTIVE -0.4821 ✓
L_PUNCT_DOT -0.4509 ✓
ASM -0.4192 ✓
POS_PRO -0.4055 ✓
FOS_FRONTING 0.3884 ✓
L_ADJ_POSITIVE 0.3844 ✓
L_PUNCT_SEMC -0.3839 ✓
L_YOU_PRON -0.3761 ✓
L_FUNC_A -0.3469 ✓
SY_SUBORD_SENT 0.3354 ✓
L_PUNCT -0.3339 ✓
POS_PREP 0.3256 ✓
VT_PRESENT_SIMPLE -0.3229 ✓
L_SECOND_PERSON_PRON -0.3228 ✓

Table 7.14: Top 20 linguistic features for AI-generated persuasive text with Paraphrasing
generation approach and Llama 3.3 70B model vs. human-written persuasive texts
(three samples of human datasets combined vs. AI counterparts). Cohen’s d sorted by
absolute value.

Stylometric Feature Cohen’s d Sig.
Llama - Rewriting with Subtle Persuasive Effect
SY_INV_PATTERNS -0.7470 ✓
G_ACTIVE -0.7152 ✓
SENT_ST_WPERSENT 0.6961 ✓
L_CONT_T 0.6226 ✓
SENT_D_PP 0.6153 ✓
L_ADJ_POSITIVE 0.6145 ✓
POS_PREP 0.6086 ✓
L_YOU_PRON -0.5966 ✓
POS_NOUN 0.5896 ✓
L_PUNCT_COM 0.5848 ✓
L_SECOND_PERSON_PRON -0.5764 ✓
POS_ADJ 0.5595 ✓
SY_NARRATIVE 0.5419 ✓
L_CONT_A 0.5413 ✓
POS_PRO -0.5400 ✓
SENT_ST_DIFFERENCE -0.5382 ✓
SY_SUBORD_SENT 0.5373 ✓
L_PUNCT -0.5195 ✓
ASM -0.4923 ✓
L_PLURAL_NOUNS 0.4688 ✓

Table 7.15: Top 20 linguistic features for AI-generated persuasive text with Rewriting with
Subtle Persuasive Effect generation approach and Llama 3.3 70B model vs. human-written
persuasive texts (three samples of human datasets combined vs. AI counterparts).
Cohen’s d sorted by absolute value.
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Stylometric Feature Cohen’s d Sig.
Llama - Rewriting with Intensified Persuasive Effect
SENT_ST_WPERSENT 0.8019 ✓
L_ADJ_POSITIVE 0.7196 ✓
L_PUNCT_COM 0.7055 ✓
L_CONT_T 0.6589 ✓
POS_ADJ 0.6478 ✓
L_CONT_A 0.6349 ✓
G_ACTIVE -0.6171 ✓
SENT_ST_DIFFERENCE -0.6110 ✓
L_PUNCT_DOT -0.5876 ✓
SY_INV_PATTERNS -0.5135 ✓
ASM -0.4697 ✓
L_FUNC_A -0.4692 ✓
L_FUNC_T -0.4456 ✓
FOS_FRONTING 0.4390 ✓
POS_PRO -0.3973 ✓
SENT_D_VP 0.3895 ✓
L_PUNCT_SEMC -0.3806 ✓
CDS -0.3720 ✓
L_YOU_PRON -0.3670 ✓
L_NOUN_PHRASES 0.3630 ✓

Table 7.16: Top 20 linguistic features for AI-generated persuasive text with Rewrit-
ing with Intensified Persuasive Effect generation approach and Llama 3.3 70B model vs.
human-written persuasive texts (three samples of human datasets combined vs. AI
counterparts). Cohen’s d sorted by absolute value.

Stylometric Feature Cohen’s d Sig.
Llama - Open-ended
VF_INFINITIVE 1.3397 ✓
SY_IMPERATIVE 1.2406 ✓
G_ACTIVE -0.9149 ✓
SENT_D_VP 0.8331 ✓
L_PUNCT_DOT -0.8088 ✓
G_PAST -0.7696 ✓
L_OUR_PRON 0.7642 ✓
L_LINKS -0.7474 ✓
VT_PAST_SIMPLE -0.6985 ✓
SY_EXCLAMATION 0.6879 ✓
SY_INV_PATTERNS -0.6857 ✓
L_CONT_T 0.6780 ✓
SY_COORD_SENT 0.6774 ✓
L_PUNCT -0.6493 ✓
SENT_D_NP 0.6396 ✓
L_FIRST_PERSON_SING_PRON -0.6230 ✓
L_I_PRON -0.6230 ✓
L_WE_PRON 0.6190 ✓
L_IT_PRON 0.5548 ✓
VT_MUST 0.5078 ✓

Table 7.17: Top 20 linguistic features for AI-generated persuasive text with Open-ended
generation approach and Llama 3.3 70B model vs. human-written persuasive texts
(three samples of human datasets combined vs. AI counterparts). Cohen’s d sorted by
absolute value.
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Stylometric Feature Cohen’s d Sig.
Gemma - Paraphrasing
L_CONT_T 0.7526 ✓
L_CONT_A 0.6659 ✓
L_FUNC_A -0.6181 ✓
SY_INV_PATTERNS -0.6133 ✓
L_ADV_SUPERLATIVE 0.4274 ✓
ST_REPET_WORDS -0.4178 ✓
L_ADV_COMPARATIVE 0.4141 ✓
LTOKEN_RATIO_LEM 0.4081 ✓
PS_CONDITION -0.3995 ✓
ASM -0.3761 ✓
CDS -0.3606 ✓
POS_ADV 0.3605 ✓
L_ADJ_POSITIVE 0.3407 ✓
PS_AGREEMENT -0.3212 ✓
L_PUNCT_COM 0.3172 ✓
PS_CAUSE -0.2988 ✓
POS_ADJ 0.2872 ✓
POS_PRO -0.2805 ✓
G_ACTIVE -0.2710 ✓
SENT_ST_WPERSENT 0.2582 ✓

Table 7.18: Top 20 linguistic features for AI-generated persuasive text with Paraphrasing
generation approach and Gemma 3 27b it model vs. human-written persuasive texts
(three samples of human datasets combined vs. AI counterparts). Cohen’s d sorted by
absolute value.

Stylometric Feature Cohen’s d Sig.
Gemma - Rewriting with Subtle Persuasive Effect
L_CONT_T 1.0245 ✓
L_CONT_A 1.0176 ✓
L_FUNC_A -0.8850 ✓
POS_PRO -0.7267 ✓
SY_INV_PATTERNS -0.7119 ✓
L_PLURAL_NOUNS 0.6762 ✓
POS_NOUN 0.6717 ✓
SENT_D_PP 0.6401 ✓
L_ADJ_POSITIVE 0.6191 ✓
G_ACTIVE -0.5837 ✓
L_SECOND_PERSON_PRON -0.5783 ✓
L_YOU_PRON -0.5736 ✓
SY_NARRATIVE 0.5666 ✓
POS_ADJ 0.5620 ✓
CDS -0.5438 ✓
L_FUNC_T -0.4852 ✓
VF_INFINITIVE -0.4846 ✓
ASM -0.4624 ✓
L_THEY_PRON -0.4486 ✓
POS_CONJ -0.4429 ✓

Table 7.19: Top 20 linguistic features for AI-generated persuasive text with Rewrit-
ing with Subtle Persuasive Effect generation approach and Gemma 3 27b it model vs.
human-written persuasive texts (three samples of human datasets combined vs. AI
counterparts). Cohen’s d sorted by absolute value.
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Stylometric Feature Cohen’s d Sig.
Gemma - Rewriting with Intensified Persuasive Effect
L_CONT_T 1.0424 ✓
L_CONT_A 1.0122 ✓
L_FUNC_A -0.9718 ✓
L_ADJ_POSITIVE 0.9024 ✓
POS_ADJ 0.8267 ✓
PS_CONDITION -0.6942 ✓
PS_CAUSE -0.6071 ✓
L_FUNC_T -0.6021 ✓
SY_INV_PATTERNS -0.5923 ✓
G_ACTIVE -0.5882 ✓
L_NOUN_PHRASES 0.5486 ✓
POS_PRO -0.5389 ✓
L_ADV_SUPERLATIVE 0.5243 ✓
L_ADV_COMPARATIVE 0.5002 ✓
ASM -0.4781 ✓
CDS -0.4777 ✓
L_SINGULAR_NOUNS 0.4707 ✓
POS_NOUN 0.4570 ✓
L_YOU_PRON -0.4543 ✓
SENT_D_NP 0.4475 ✓

Table 7.20: Top 20 linguistic features for AI-generated persuasive text with Rewriting
with Intensified Persuasive Effect generation approach and Gemma 3 27b it model vs.
human-written persuasive texts (three samples of human datasets combined vs. AI
counterparts). Cohen’s d sorted by absolute value.

Stylometric Feature Cohen’s d Sig.
Gemma - Open-ended
SY_IMPERATIVE 1.7354 ✓
L_CONT_T 1.4021 ✓
L_CONT_A 1.2523 ✓
SENT_D_NP 1.1601 ✓
PS_CAUSE -1.1529 ✓
VF_INFINITIVE 1.0451 ✓
L_FUNC_A -0.9623 ✓
PS_CONDITION -0.8951 ✓
POS_NOUN 0.8730 ✓
ST_REPET_WORDS -0.8055 ✓
LTOKEN_RATIO_LEM 0.7851 ✓
L_LINKS -0.7474 ✓
SY_INV_PATTERNS -0.7306 ✓
L_SINGULAR_NOUNS 0.6881 ✓
SY_EXCLAMATION 0.6825 ✓
SENT_D_VP 0.6631 ✓
POS_PREP -0.6571 ✓
L_I_PRON -0.6461 ✓
L_FIRST_PERSON_SING_PRON -0.6461 ✓
L_NOUN_PHRASES 0.6320 ✓

Table 7.21: Top 20 linguistic features for AI-generated persuasive text with Open-ended
generation approach and Gemma 3 27b it model vs. human-written persuasive texts
(three samples of human datasets combined vs. AI counterparts). Cohen’s d sorted by
absolute value.
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Stylometric Feature Cohen’s d Sig.
Gemini - Paraphrasing
L_CONT_A 0.7275 ✓
L_CONT_T 0.7074 ✓
SY_INV_PATTERNS -0.5802 ✓
L_FUNC_A -0.5371 ✓
L_PUNCT_COM 0.4880 ✓
LTOKEN_RATIO_LEM 0.4192 ✓
L_ADJ_POSITIVE 0.4104 ✓
ST_REPET_WORDS -0.3981 ✓
POS_ADJ 0.3677 ✓
L_NOUN_PHRASES 0.3255 ✓
ASM -0.2996 ✓
PS_CONDITION -0.2850 ✓
PS_CAUSE -0.2759 ✓
L_POSSESSIVES 0.2719 ✓
POS_PREP -0.2305 ✓
CDS -0.2242 ✓
L_PUNCT 0.2218 ✓
PS_AGREEMENT -0.2169 ✓
L_PLURAL_NOUNS 0.2053 ✓
L_THEIR_PRON 0.2050 ✓

Table 7.22: Top 20 linguistic features for AI-generated persuasive text with Paraphrasing
generation approach and Gemini 2.0 Flash model vs. human-written persuasive texts
(three samples of human datasets combined vs. AI counterparts). Cohen’s d sorted by
absolute value.

Stylometric Feature Cohen’s d Sig.
Gemini - Rewriting with Subtle Persuasive Effect
L_CONT_A 0.9216 ✓
L_CONT_T 0.9163 ✓
L_FUNC_A -0.7257 ✓
SY_INV_PATTERNS -0.7182 ✓
POS_NOUN 0.5946 ✓
G_ACTIVE -0.5892 ✓
POS_PRO -0.5535 ✓
VT_MIGHT 0.5222 ✓
CDS -0.5034 ✓
SENT_D_PP 0.4976 ✓
L_YOU_PRON -0.4908 ✓
LTOKEN_RATIO_LEM 0.4813 ✓
L_PLURAL_NOUNS 0.4761 ✓
L_ADJ_POSITIVE 0.4695 ✓
L_SECOND_PERSON_PRON -0.4555 ✓
ASM -0.4517 ✓
L_PUNCT_COM 0.4347 ✓
ST_REPET_WORDS -0.4182 ✓
POS_ADJ 0.4165 ✓
SY_NARRATIVE 0.4079 ✓

Table 7.23: Top 20 linguistic features for AI-generated persuasive text with Rewrit-
ing with Subtle Persuasive Effect generation approach and Gemini 2.0 Flash model vs.
human-written persuasive texts (three samples of human datasets combined vs. AI
counterparts). Cohen’s d sorted by absolute value.
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Stylometric Feature Cohen’s d Sig.
Gemini - Rewriting with Intensified Persuasive Effect
L_CONT_A 1.0170 ✓
L_CONT_T 0.9948 ✓
L_FUNC_A -0.8186 ✓
L_ADJ_POSITIVE 0.7827 ✓
POS_ADJ 0.7239 ✓
L_PUNCT_COM 0.5901 ✓
L_NOUN_PHRASES 0.5756 ✓
SY_INV_PATTERNS -0.5355 ✓
LTOKEN_RATIO_LEM 0.4892 ✓
L_ADV_SUPERLATIVE 0.4824 ✓
PS_CONDITION -0.4649 ✓
L_ADV_COMPARATIVE 0.4629 ✓
ASM -0.4428 ✓
ST_REPET_WORDS -0.4386 ✓
PS_CAUSE -0.4330 ✓
POS_ADV 0.4270 ✓
G_ACTIVE -0.4252 ✓
POS_PRO -0.3773 ✓
L_FUNC_T -0.3605 ✓
PS_AGREEMENT -0.3525 ✓

Table 7.24: Top 20 linguistic features for AI-generated persuasive text with Rewriting
with Intensified Persuasive Effect generation approach and Gemini 2.0 Flash model vs.
human-written persuasive texts (three samples of human datasets combined vs. AI
counterparts). Cohen’s d sorted by absolute value.

Stylometric Feature Cohen’s d Sig.
Gemini - Open-ended
L_CONT_T 1.5669 ✓
L_CONT_A 1.3747 ✓
SY_IMPERATIVE 1.3186 ✓
LTOKEN_RATIO_LEM 1.1953 ✓
SY_EXCLAMATION 1.1092 ✓
VF_INFINITIVE 1.0846 ✓
ST_REPET_WORDS -1.0032 ✓
SENT_D_VP 0.9291 ✓
L_FUNC_A -0.8914 ✓
POS_NOUN 0.8779 ✓
L_NOUN_PHRASES 0.8190 ✓
PS_CAUSE -0.7878 ✓
PS_CONDITION -0.7832 ✓
G_ACTIVE -0.7769 ✓
L_LINKS -0.7474 ✓
L_SINGULAR_NOUNS 0.7331 ✓
SY_INV_PATTERNS -0.6693 ✓
G_PAST -0.6464 ✓
POS_PREP -0.6279 ✓
L_I_PRON -0.6236 ✓

Table 7.25: Top 20 linguistic features for AI-generated persuasive text with Open-ended
generation approach and Gemini 2.0 Flash model vs. human-written persuasive texts
(three samples of human datasets combined vs. AI counterparts). Cohen’s d sorted by
absolute value.
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generation strategy used. Open-ended generation and rewriting with intensified
persuasion may introduce persuasion cues that facilitate automatic detection,
whereas subtle rewriting strategies significantly reduce detection performance.
This suggests that modern LLMs can produce persuasive content that closely
mimics human persuasion when prompted to do so in a restrained manner,
thereby challenging existing detection approaches. From a broader perspective,
this result underscores that future risks for automatic systems associated with
AI-generated persuasion are less likely to stem from overtly manipulative content
and more likely to stem from subtle forms of influence.

The linguistic analysis further clarifies how these differences manifest at the
textual level. AI-generated persuasive texts exhibit higher lexical diversity and
a denser distribution of content words, while human-written persuasion relies
more heavily on syntactic complexity and function-word patterns. These find-
ings indicate that LLMs tend to optimize for informational richness and stylistic
fluency. Importantly, these differences are not uniform across generation strate-
gies: intensified persuasion amplifies explicit modifiers and evaluative language,
while subtle persuasion relies on modal expressions and declarative framing.
This highlights that persuasion in LLM-generated text is not monolithic, but
rather dynamically shaped by prompt design.

The consistency of these trends across six languages suggests that the observed
effects are not language-specific artifacts but reflect more general properties of
multilingual LLMs. This cross-lingual robustness strengthens Persuaficial’s con-
tribution as a resource for studying persuasion beyond English-centric settings
and supports its applicability to multilingual persuasion analysis.

Within the broader context of this dissertation, the findings from Persuaficial
complement and extend the investigation of persuasion-aware approaches to dis-
information detection. While Chapter 5 presents that explicitly using persuasion
can improve disinformation detection performance, the present analysis reveals
a critical and possible challenge: persuasive cues themselves can be minimized
by generative models.

Overall, this chapter advances understanding of AI-generated persuasive lan-
guage by showing that its detectability depends on how persuasion is created
during generation. Persuaficial thus serves not only as a benchmark dataset, but
also as a methodological lens for analyzing the evolving capabilities of LLMs
as persuasive agents. These insights have direct implications for the design of
future detection systems, the evaluation of AI-generated influence, and the de-
velopment of regulatory and educational responses to increasingly subtle forms
of automated persuasion.



8 Conclusion and Future Work

This dissertation investigated how persuasion and knowledge of malicious intent
can be explicitly leveraged to improve computational disinformation detection.
By combining expert-annotated datasets with intent- and persuasion-augmented
reasoning frameworks, the work advances both the empirical foundations and
methodological approaches to intent and persuasion-aware disinformation anal-
ysis. Furthermore, the dissertation advances understanding of AI-generated
persuasive texts by examining their detectability relative to human-authored
persuasive content and analyzing linguistic characteristics that may also in-
fluence the performance of automatic disinformation detection systems. This
chapter revisits the research objectives, summa4 rizes the main findings and
contributions, and outlines promising directions for future research.

8.1 Revisiting Research Objectives:
Contributions and Key Findings

Research Objective 1 [RO1]
Design a human-annotated disinformation dataset and annotation framework that cap-
tures manipulation techniques and malicious intent, going beyond binary credibility
labels, to benchmark language models for detecting disinformation, manipulation tech-
niques, and malicious intent classification.

This objective was achieved through the design and release of multiple high-
quality, human-annotated disinformation datasets that conceptualize disinfor-
mation as an intentional and manipulative phenomenon. The dissertation intro-
duced and analyzed the MIPD, MultiDis, and MALINT datasets, all developed
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in close collaboration with professional fact-checkers and debunking experts.
MIPD constitutes the first resource in NLP research to jointly annotate arti-

cles with disinformation, manipulation techniques, and malicious intent cate-
gories. Moreover, it represents the largest expert-annotated Polish dataset of its
kind, substantially advancing disinformation research for a previously under-
resourced language. MultiDis is a high-quality, English, multitopic dataset in
which annotations from all stages of the expert annotation process are released,
rather than only final consensus labels. This design enables detailed analysis of
annotation disagreements and the annotation process. MALINT further extends
this line of work by substantially increasing dataset scale and introducing ex-
plicit malicious intent annotations for English disinformation, making it the first
NLP English dataset to support systematic benchmarking of malicious intent
classification alongside disinformation detection.

All datasets were created using rigorous, multi-stage annotation workflows
involving expert training, independent parallel annotation, and final consensus
resolution. The annotation methodologies and detailed guidelines for both
Polish and English data were made publicly available to support transparency,
reproducibility, and future dataset development. By releasing intermediate
annotation stages for MultiDis and MALINT, these resources additionally enable
future research on annotation quality and disagreement analysis.

Using these datasets, the dissertation established empirical benchmarks for a
wide range of models, including fine-tuned discriminative Transformer-based
encoders and generative large language models. Collectively, these resources
constitute a new empirical foundation for disinformation research, enabling sys-
tematic and reproducible evaluation of language models on disinformation de-
tection, manipulation analysis, and malicious intent classification. Moreover, the
methodological soundness of the MIPD dataset and the accompanying bench-
marking experiments was validated through peer review and acceptance at the
Conference on Empirical Methods in Natural Language Processing, one of the
leading venues in natural language processing.

Research Objective 2 [RO2]
Develop and evaluate a persuasion-augmented reasoning framework for large language
models, enabling intermediate analysis and explanation of persuasive strategies to im-
prove disinformation detection.

This objective was addressed through the proposal and extensive evalua-
tion of the Persuasion-Augmented Chain of Thought framework. Grounded in
psychological insights showing that awareness of persuasive fallacies enhances
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resistance to misleading information [151], PCoT utilizes this principle within
large language models by introducing structured, multi-stage, and knowledge-
enhanced reasoning. Specifically, the model first identifies and explains the
persuasive strategies present in a text, then leverages this analysis to guide dis-
information classification.

Extensive experiments across multiple datasets, genres, temporal splits, and
models provide strong empirical evidence that persuasion-augmented reasoning
consistently improves zero-shot disinformation detection. The gains are particu-
larly pronounced for long-form articles and for post-cutoff content unseen during
model pretraining. These results indicate that persuasion knowledge functions
as a meaningful intermediate representation, strengthening both generalization
and robustness. The significance and broader relevance of this contribution are
further underscored by its acceptance as a full paper at the main conference of
the Association for Computational Linguistics, one of the top-tier venues in nat-
ural language processing. Overall, this work establishes persuasion-augmented
reasoning as an effective and principled alternative to purely binary zero-shot
detection approaches.

Research Objective 3 [RO3]
Develop and evaluate an intent-augmented reasoning framework for large language mod-
els that uses knowledge and explanations of malicious intent to improve disinformation
detection.

This objective was fulfilled by introducing Intent-Based Inoculation, an intent-
augmented reasoning framework inspired by the earlier PCoT approach and by
inoculation theory from psychology and communication studies. The frame-
work leverages explicit malicious intent analysis as a form of refutational pre-
emption, enabling language models to reason about the underlying goals of
disinformation creators prior to making disinformation judgments.

An empirical evaluation across six datasets, multiple genres, temporal splits,
and seven languages provides strong evidence that intent-augmented reasoning
yields consistent, statistically significant improvements in zero-shot disinfor-
mation detection. The results confirm that malicious intent constitutes a critical
hidden dimension of disinformation that is not fully captured by factual inconsis-
tency alone. By formally integrating intent knowledge into LLM reasoning, this
dissertation provides the first large-scale evidence that intent-aware reasoning
enhances both accuracy and generalization across languages. The significance
of this contribution is further supported by its acceptance as a full paper at
the Conference of the European Chapter of the Association for Computational
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Linguistics, one of the top-tier venues in natural language processing.

Research Objective 4 [RO4]
Analyze and compare AI-generated and human-authored persuasive content based on
linguistic characteristics and detection difficulty for automatic disinformation systems.

This objective was achieved through the release of the Persuaficial benchmark
and a detailed comparative analysis of AI-generated and human-written per-
suasive texts across multiple languages and datasets. The benchmark provides
a systematic foundation for studying persuasion generated by large language
models and supports controlled evaluation of detection methods under diverse
generation settings.

The dissertation provides strong empirical evidence that AI-generated persua-
sive content is linguistically distinct from human-written persuasion, exhibiting
higher lexical diversity, altered function-word distributions, and different syntac-
tic patterns. Importantly, the detectability of AI-generated persuasion was found
to be highly sensitive to text-generation approaches, with subtle persuasion-
oriented prompting substantially reducing detection performance.

These findings reveal that generative language models can adapt persuasive
strategies in ways that challenge existing detection systems, raising important
methodological and societal implications. By characterizing how generation
strategies and model choices influence detectability, this analysis contributes to
a deeper understanding of the limitations of current detection approaches.

Summary
In summary, this dissertation makes three principal contributions to compu-
tational disinformation research. First, it establishes new human-annotated
resources that introduce disinformation as an intentional and persuasive phe-
nomenon. Second, it introduces and validates persuasion- and intent-augmented
reasoning frameworks that significantly improve zero-shot disinformation de-
tection across models, datasets, genres, and temporal splits. Third, it advances
the understanding of AI-generated persuasive content and its implications for
detection, revealing both new challenges and opportunities for future systems.

Together, these contributions present that effective automatic disinformation
detection requires reasoning about why and how content is constructed, not
merely whether it is factually correct.
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8.2 Future Research Directions

This dissertation opens several promising directions for future research.
First, extending the presented datasets is a natural and necessary step. In

particular, enriching the MALINT dataset with annotations of manipulation
techniques would enable joint research of disinformation, malicious intent, and
presuasive strategies in English. Such a unified annotation framework would
support deeper analysis of the interactions among intent, persuasion, and disin-
formation, facilitate the development of more comprehensive multi-task learning
approaches, and may provide a basis for research on explainable disinformation
detection.

Second, extending persuasion-augmented reasoning to multilingual and low-
resource settings remains an important research direction. While this disser-
tation presents the effectiveness of intent-augmented reasoning across multiple
languages, future work should systematically investigate language-specific gains
of persuasion-augmented reasoning. Moreover, an important open question
concerns the integration of persuasion- and intent-augmented reasoning within
a single unified framework. In this dissertation, these two paradigms were ex-
plored independently. Combining persuasion- and intent-augmented reasoning
may yield complementary benefits and further improve disinformation detection
performance.

Third, future research could explore dynamic and adaptive reasoning frame-
works in which persuasion strategies and malicious intent categories are se-
lected, weighted, or prioritized based on contextual factors such as topic, genre,
language, or model uncertainty. Such adaptive reasoning mechanisms could
increase robustness against evolving and increasingly sophisticated disinforma-
tion tactics.

Fourth, integrating multimodal signals represents a natural extension of per-
suasion and intent-augmented reasoning. Disinformation rarely operates in
text-only environments, and future work should consider combining textual rea-
soning with visual features. Incorporating images could substantially enhance
both the practical usefulness and the overall effectiveness of disinformation de-
tection systems.

Fifth, the interaction between human cognition and model reasoning warrants
deeper investigation. Future studies could explore human–AI collaboration sce-
narios in which persuasion- and intent-based explanations generated by lan-
guage models support fact-checkers, journalists, educators, or policy analysts in
real-world decision-making. Evaluating such systems in applied settings would
provide valuable insights into trust and explainability.
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Finally, as generative language models continue to evolve, future research
could examine how advances in controllable and strategic text generation in-
fluence both the production and detection of persuasive disinformation. Un-
derstanding the co-evolution of generation and detection mechanisms will be
essential for developing robust, socially responsible, and future-proof disinfor-
mation detection systems.
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A Appendix

A.1 Manipulation Techniques Taxonomy for MIPD

While our dataset is in Polish and the annotators are native Polish speakers, we
have developed our annotation guidelines and methodology in English. This
approach facilitates the application of our methodology to various languages.
Consequently, our annotation guidelines feature explanations of manipulation
techniques and examples in English. Below, we provide some of these examples,
along with their explanations.

Cherry Picking. Presenting information using only data that supports a given
thesis while ignoring the broader context. It may include the slothful induction
(rejecting inconvenient evidence that challenges our beliefs) or the Texas sharp-
shooter error (ignoring differences and emphasizing similarities, using from
among an extensive dataset a small slice that supports our thesis).

Quote Mining. Using a short excerpt from someone’s longer speech/text in a
way that significantly distorts its actual, original meaning.

Anecdote. The use of evidence in the form of personal experience or an isolated
case, possibly rumor or hearsay, most often to discredit statistics.

Whataboutism. Responding to a substantive argument not by addressing the
heart of the matter but by raising a new point unrelated to the topic. Often
referred to as dropping a false lead to divert attention from the topic.
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Strawman. Misrepresenting someone’s argument in a way that makes it easier
to refute. It usually boils down to attributing to an opponent a position the
opponent does not share.

Leading Questions. Flooding the target audience with consecutive questions
or false arguments/studies that are suggestive. Guiding the recipient to a pre-
conceived thesis. A statement consisting of a plethora of poorly related informa-
tion, half-truths, and misinterpretations designed to overwhelm by their sheer
volume.

Appeal to Emotion. The use of words and phrases arouses in the recipient a
strong emotion and attitude toward the presented matter. The person using this
technique tries to resonate with the recipient’s prejudices (Appeal to Fear/Prej-
udice) or their values and traditions (Appeal to Values). They may also use
short, vital phrases, including stereotyping or labeling (Slogans) and offensive
and hateful language (Loaded Language). It can also use group affiliation (Flag
Waving) or suggest a time for action (Appeal to Time) to mobilize the recipient
to take specific actions.

False Cause. Assuming a cause-and-effect relationship solely based on the ob-
served correlation. Among the manipulative statements used are those relating
to time, such as those assuming that two events happening at the same time
must be related (Cum Hoc Ergo Propter Hoc) or one following the other must
be cause and effect (Post Hoc Ergo Propter Hoc).

Exaggeration. The simplification and misrepresentation of a phenomenon or
issue. For example, an author manipulating an audience may present a vision
in which one decision can lead to unwanted negative consequences (Slippery
Slope). Another way is to exaggerate minor or irrelevant aspects of an issue or
the attitudes of individuals to denigrate an entire group or issue (Blowfish). One
can also be used to manipulatively exaggerate the importance of a small group
of people with different opinions than the rest of their community (Magnified
Minority).

Reference Error. It is a reference to unreliable sources or people. It can involve
passing on knowledge from anonymous individuals, such as from social media,
citing propaganda claims by politicians or media, primarily from authoritarian
countries. It can also involve using untrue quotes circulating online to prove
a point. This technique often cites fake experts or others to pretend to be a
supposed authority (Appeal to Authority).
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Misleading Clickbait. Giving the text a title that does not reflect the informa-
tion presented in the article, often even contradicting it.

A.2 Prompts for Disinformation Detection with MIPD

We utilized English prompts for OpenAI’s generative models to ensure re-
producibility and understanding across different languages. Below we show
prompts used in our experiments.

1. Zero-shot classification with GPT-3.5 without definition of disinformation
in prompt:

You are an assistant who detects disinformation. Answer the question
of whether the text contains disinformation. Answer using only one
word: Yes or No. If the text contains disinformation, answer Yes, and
if the text does not contain disinformation, answer No. Text: "<Here
we passed article for classification>"
Answer:

2. Zero-shot classification with GPT-3.5 with definition of disinformation in
prompt:

You are an assistant who detects disinformation. Disinformation is
defined as false, inaccurate, or misleading information designed, pre-
sented, and promoted to intentionally cause public harm or for profit.
Answer the question of whether the text contains disinformation. An-
swer using only one word: Yes or No. If the text contains disinfor-
mation, answer Yes, and if the text does not contain disinformation,
answer No. Text: "<Here we passed article for classification>"
Answer:

3. Zero-shot classification with GPT-4 without definition of disinformation
in prompt:

• For system role:

You are an assistant who detects disinformation.

• For user role:

If the text contains disinformation, answer Yes, and if the text does
not contain disinformation, answer No. Text:<Here we passed
article for classification>. Answer:"
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4. Zero-shot classification with GPT-4 with definition of disinformation in
prompt:

• For system role:

You are an assistant who detects disinformation. Disinformation
is defined as false, inaccurate, or misleading information designed,
presented, and promoted to intentionally cause public harm or for
profit.

• For user role:

If the text contains disinformation, answer Yes, and if the text does
not contain disinformation, answer No. Text:<Here we passed
article for classification>. Answer:"

A.3 Annotation Methodology for MultiDis and MALINT

Our methodology and annotation guidelines were designed to standardize the
assessment of articles for disinformation content, aiming to reduce subjectiv-
ity and enable comprehensive analysis. Utilizing these annotation guidelines,
we analyzed numerous articles to identify disinformation. The methodology
was developed in cooperation with analysts (fact-checking and debunking ex-
perts) employed in the project based on their experience as experts, scientific
knowledge available on the subject, and the experience of other institutions
and organizations involved in research and detection of disinformation. The
methodology improved throughout the project and subsequent testing to best
reflect the disinformation environment. All authors of this methodology have at
least three years of experience working for fact-checking or debunking organi-
zations accredited by the International Fact-Checking Network. Moreover, our
methodology and annotation guidelines draw on similar work on the annotation
of disinformation, such as the guidelines presented by Modzelewski et al. [17].

A.3.1 Main Assumptions of the Methodology

Creating a uniform methodology and guidelines aims to guarantee the quality
of the assessments made by annotators and minimize their subjectivity.

The analysis of articles is carried out mainly via the debunking technique, with
the auxiliary use of the fact-checking technique. These terms for this method-
ology are defined in a manner analogous to the methodology developed for the
NATO Strategic Communication Centre of Excellence [157]. Fact-checking is
the long-standing process of checking that all facts in a piece of writing, news
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article, or speech are correct. Debunking refers to exposing falseness or manip-
ulating systematically and strategically (based on a chosen topic, classifications
of selected techniques, narrative).

A.3.2 Preparation of Articles for Evaluation

The first step is to select web portals from which articles on particular topics
will be taken. Among them are both mainstream media and those presenting
the alternative current. This is to ensure access to enough reliable as well as
unreliable content. Each portal will be assigned to one of three categories,
determining its credibility. This will be done by a team of experts by consensus.
Assessing the credibility of a website requires an in-depth analysis of the content
posted on it regularly, as well as checking it in reliable sources, including via the
Media Bias/Fact Check search engine. The source’s rating will not be visible to
annotators. The analysis consists in selecting the category that best suits a given
domain:
• Reliable - sources that are reliable/publishing reliable content on a specific

topic, in particular traditional news portals.
• Unreliable - sources publishing unreliable content, typically disinformation,

e.g., all domains financed by the Kremlin, sites containing conspiracy theories,
etc.

• Mixed/Biased - partially or potentially biased websites that may present false
information on specific issues, e.g., typically political websites, and blog col-
lections.

A.3.3 Thematic Category

Before the analysis begins, articles will be assigned to eight topics. This will
be done manually with the help of keywords through searches on selected web
portals. Thematic categories were pre-defined. The selection of topics was based
on EU DisinfoLab’s cross-cutting report on disinformation in Europe[133]. It is
based on expert studies from 20 countries.
• Anti-Europeanism and anti-Atlanticism (anti-EU, anti-NATO)
• Anti-migration and xenophobia
• Climate change and the energy crisis
• Health (including COVID-19 and vaccines)
• Institutional and media distrust (public institutions)
• Gender-based disinformation
• Ukraine war and refugees
• Disinformation about LGBTQIA+
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A.3.4 Content Analysis

The next step requires analyzing the entire article’s content and recognizing
whether the information is accurate or disinformative. If the article provides
only factual information, it is marked as “credible information.” Selecting this
category ends the assessment of the article. When information in the article
is unreliable and misleads the recipients, content is considered disinformative.
The unintentional dissemination of false information is known as misinforma-
tion. However, even unintentional dissemination of false information without
the goal of manipulating recipients can fuel disinformation. Disinformation is
particularly difficult to detect as the author’s intention is usually unspecified,
and in most cases, it can only be presumed. Therefore, for this study, we assume
that any form of false or manipulative information is considered disinformation.

For these guidelines, the definition of disinformation provided by the Euro-
pean Commission High-Level Group of Experts on False News and Disinfor-
mation on the Internet (HELG) will be used, as it covers all four aspects and
does not exclude potentially harmful content presented in the form of political
advertising or satire, as presented in the EU Code of Practice. The definition is
as follows [3]:

“ All forms of false, inaccurate, or misleading information designed, pre-
sented, and promoted to intentionally cause public harm or for profit.”

However, a necessary supplement to this definition is taking into account
the European Union Code of Practice on Disinformation, according to which
disinformation is defined as: "verifiable false or misleading information which,
cumulatively, (a) is created, presented and disseminated for economic gain or
to intentionally deceive the public; and (b) may cause public harm, intended
as threats to democratic political and policymaking processes as well as public
goods such as the protection of EU citizens’ health, the environment, or security".
[214]. The detected information must be verifiable, which means that it can
be proved untrue, and, therefore, it cannot be, for example, a yet unproven
theory or opinion, as long as it is not intended to mislead the recipients. In
summary, disinformation is intentionally misleading by providing misleading
or false information [215]. Unlike disinformation, misinformation is misleading
information shared by people who do not recognize it as such [3]. However, as noted
earlier, misinformation and disinformation are treated as a single category under
"disinformation."

When a given content is not verifiable (reliable/disinformative/misinforma-
tive), it is marked as the "Hard to say" category. Indicating this category ends
the assessment the same as "Inconsistent with the topic". Below, we present the
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main categories:
• Credible information
• Disinformation
• Hard to say
• Inconsistent with the topic

A.3.5 Annotation of Malicious Intent

Note: This part of Annotation Methodology was used to create MALINT dataset.
Annotation of Malicious Intent was not used for creation of MultiDis as MultiDis
contains only annotations presented in Section A.3.4.

The study of the malicious intentions of the disinformation content creators is
potentially the most subjective element of the analysis, and therefore it is partic-
ularly important to develop precise components of the assessment. This allows
for maintaining uniformity of the analysis carried out by different annotators.

In this methodology, understanding the intention behind disinformation is
crucial for effectively analyzing it. Disinformation, according to our definition, is
always spread intentionally, emphasizing the significance of comprehending the
motives driving its dissemination. It encapsulates the broader goal of the author,
which guides the specific narratives they employ to achieve that goal. Authors
of disinformation have some purpose in creating it. It is in this category that we
try to answer the question: what is the purpose of spreading disinformation by
a particular author? The task type is defined as an exhaustive list with multiple
choice options (multilabel). Below are possible choices:

• Undermining the credibility of public institutions - The goal of many
disinformation authors is to destroy trust in public institutions. This can be
done by undermining official communications, insinuating bad intentions
or falsely exposing corruption (e.g., accusing governments of population
control with vaccines). The idea is to make citizens disbelieve in the
effectiveness of their own state, undermine the sense of its existence or
actively fight against it. This is ultimately meant to lead to resentment of
the system, thus undermining the very essence of Western democracies.
As a result, it becomes easier to spread false information, and the public’s
resistance to outside influence decreases.

• Changing political views - Influencing voter preferences is a common
procedure used by disinformation authors. Changing political beliefs is
aimed at strengthening one side of a political dispute and arousing resent-
ment against the others. It usually involves the simultaneous promotion
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of politicians from extremist movements, which are treated as an alterna-
tive to the major parties. It is often based on the portrayal of mainstream
politicians as corrupt and evil to the bone (e.g., portraying them as traitors
to the nation, dependent on the outside influence of global elites).

• Undermining international organizations and alliances - Undermining
the credibility of international institutions is often part of disinformation
activities carried out by external forces (e.g., Russia). These are aimed
at breaking up alliances of democratic states to facilitate propaganda ef-
forts by authoritarian states (e.g., portraying NATO as an aggressor that
will drag peaceful states into war). Of course, numerous extreme political
movements also have an interest in shattering trust in international insti-
tutions. This is part of a populist influence on society and a way to gain
power. International institutions are then most often portrayed as entities
that take away the sovereignty of member states (e.g., presenting the EU
as an authoritarian organization that imposes its will on others).

• Promoting social stereotypes/antagonisms - Deepening social divisions is
a frequent goal of disinformation efforts. A strongly divided society is less
resistant to manipulation, and mutual distrust also promotes a collapse
of confidence in the institution of the state and democracy. This causes
internal problems to absorb most of the attention, giving room for external
centers of influence to operate. This can take the form of reinforcing
xenophobia (e.g., stirring up resentment against Ukrainian refugees and
portraying them as dangerous). Aversion to specific social groups can also
be exploited (e.g., portraying homosexuals as pedophiles).

• Promoting anti-scientific views - Science is a frequent enemy of disin-
formation authors. Science enhances critical thinking and is an important
part of the strength of Western democracies. Presenting it as an enemy aids
in undermining the system under which Western countries operate. Rein-
forcing anti-scientific attitudes also enables short-term financial gain (e.g.,
selling pseudo-medical remedies for various diseases). The fight against
science can be based on a direct attack on scientists (e.g., the claim that
vaccines are designed to depopulate humanity), but is also a significant
element of conspiracy theories (e.g., medicine is not used to cure people,
but to make money).
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A.3.6 Double Evaluation and Consensus Establishment

According to this methodology, all content must undergo a double evaluation.
Articles are evaluated two times by two annotators, working independently of
each other. The first is the student, and the second is the supervisor. The su-
pervisor does not read the first performed assessment, but only evaluates the
content according to the methodology, independently of the results of the first
evaluation. The supervisor then compares the two performed assessments and
makes the final decision on the choices made in the analysis process. Discrepan-
cies spotted by the double-verification analyst are discussed by the team. Then,
a common, consistent approach to content classification is established. When
necessary, the lead annotator, an expert in fact-checking and debunking, can be
consulted to discuss the evaluation. The final registered assessment is therefore
a consensus based on the first and second assessment, and can include elements
of both independent evaluations. The purpose of double verification is there-
fore not only to avoid the human errors but also to the standardization of the
methodology’s application.

A.4 Prompt Templates for PCoT

In this section, we provide an overview of the prompts used in our study and
present prompt templates for each step of the PCoT method. Given the large
number and substantial length of the prompts, we do not include them in full
in the paper. Instead, the complete set of prompts is available in our online
repository.

Figure A.1: The prompt template for each baseline method in disinformation detection,
namely, VaN, Z-CoT, and DeF-SpeC. The component ID establishes context while over-
riding alignment tuning. Each baseline method differs in the Baseline Specific Instructions
block. Generally, it provides method-specific guidelines defining the task and requests
for structured output. Finally, the text T represents the content passed for disinforma-
tion evaluation.
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A.4.1 Baselines

Figure A.1 illustrates the baseline prompt template used for zero-shot disin-
formation detection, specifically for the VaN, Z-CoT, and DeF-SpeC methods
introduced by Lucas et al. [13]. These methods were selected because Lucas
et al. [13] comprehensively evaluated various approaches using disinformation
datasets, testing prompts on human-annotated and LLM-generated data. Since
our study focuses exclusively on human-annotated data, we chose three of the
best-performing methods on human-annotated data.

Figure A.2: The prompt template for first stage of PCoT method, namely for persua-
sion detection step. The component IP establishes the context and overrides alignment
tuning, while KP encapsulates knowledge about a predefined set of high-level persua-
sion strategies, and guidelines GP determine the task and specify the structure of the
expected response. The Persuasion Strategies and Definitions block includes names of
persuasion strategies and definitions presented in section 2.2.2, while Persuasion Tech-
niques and Definitions blocks includes names and definitions of techniques described in
Appendix A.5. Finally, the text T represents the content passed for persuasion analysis.
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A.4.2 Persuasion Detection Step

Figure A.2 presents the final template of the best-performing prompt used in the
first stage of the PCoT method, designed specifically for detecting persuasion
strategies and generating corresponding explanations. This prompt was metic-
ulously crafted following a comprehensive evaluation of various approaches
applied to data with ground truth labels for persuasion strategies. In particular,
we tested multiple methods on the dataset from the International Workshop on
Semantic Evaluation 2023 (SemEval 2023) shared task on persuasion [32]. The
final prompt incorporates the names and definitions of persuasive strategies and
the associated techniques outlined in Piskorski et al. [72, 28]. Figure A.2 offers a
detailed view of the prompt used in our study. Additionally, we make the final
prompts publicly available.

A.4.3 Disinformation Detection Step

Figure A.3 illustrates the final prompt template used in the second stage of
the PCoT method, which focuses on disinformation detection. This prompt
incorporates the persuasion analysis generated in the first stage of PCoT. For
each test set, we experimented with three different disinformation prompts. We
adjusted three methods VaN, Z-CoT, and DeF-SpeC [13] to our PCoT method.
This approach enabled us to compare the performance of the adapted methods
against the baselines, where we applied the original methods from Lucas et al.
[13].

A.5 Persuasion Strategies and Techniques Taxonomy

The six general persuasion strategies in our study are linked to specific persua-
sion techniques, as identified by Piskorski et al. [72, 28]. Definitions of these
techniques are provided in the final prompt created for the first stage of PCoT
method.

A.5.1 Attack on Reputation

• Name Calling or Labelling: a form of argument in which loaded labels are
directed at an individual, group, object or activity, typically in an insulting
or demeaning way, but also using labels the target audience finds desirable.

• Guilt by Association: attacking the opponent or an activity by associ-
ating it with another group, activity or concept that has sharp negative
connotations for the target audience.
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Figure A.3: The prompt template for second final stage of PCoT method, namely for
disinformation detection step. The component ID establishes the context and overrides
alignment tuning, while guidelines GD = {G1, G2} determine the task and specify the
structure of the expected response. Next component is the generated analysis AT from
the output of first stage of PCoT and finally, the text T represents the content passed for
disinformation evaluation. The Baseline Specific Instructions block is a part of guidelines
and includes different instructions depending on which baseline method was adapted
to PCoT method, namely it can be instruction from VaN, Z-CoT, or DeF-SpeC

• Casting Doubt: questioning the character or personal attributes of some-
one or something in order to question their general credibility or quality.

• Appeal to Hypocrisy: the target of the technique is attacked on its reputa-
tion by charging them with hypocrisy/inconsistency.

• Questioning the Reputation: the target is attacked by making strong
negative claims about it, focusing specially on undermining its character
and moral stature rather than relying on an argument about the topic.

A.5.2 Justification

• Flag Waving: justifying an idea by exhaling the pride of a group or high-
lighting the benefits for that specific group.

• Appeal to Authority: a weight is given to an argument, an idea or infor-
mation by simply stating that a particular entity considered as an authority
is the source of the information.
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• Appeal to Popularity: a weight is given to an argument or idea by justifying
it on the basis that allegedly "everybody" (or the large majority) agrees with
it or "nobody" disagrees with it.

• Appeal to Values: a weight is given to an idea by linking it to values seen
by the target audience as positive.

• Appeal to Fear, Prejudice: promotes or rejects an idea through the repul-
sion or fear of the audience towards this idea.

A.5.3 Distraction

• Strawman: consists in making an impression of refuting an argument of
the opponent’s proposition, whereas the real subject of the argument was
not addressed or refuted, but instead replaced with a false one.

• Red Herring: consists in diverting the attention of the audience from
the main topic being discussed, by introducing another topic, which is
irrelevant.

• Whataboutism: a technique that attempts to discredit an opponent’s po-
sition by charging them with hypocrisy without directly disproving their
argument.

A.5.4 Simplification

• Causal Oversimplification: assuming a single cause or reason when there
are actually multiple causes for an issue.

• False Dilemma or No Choice: a logical fallacy that presents only two
options or sides when there are many options or sides. In extreme, the
author tells the audience exactly what actions to take, eliminating any
other possible choices.

• Consequential Oversimplification: is an assertion one is making of some
"first" event/action leading to a domino-like chain of events that have some
significant negative (positive) effects and consequences that appear to be
ludicrous or unwarranted or with each step in the chain more and more
improbable.

A.5.5 Call

• Slogans: a brief and striking phrase, often acting like emotional appeals,
that may include labeling and stereotyping.
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• Conversation Killer: words or phrases that discourage critical thought
and meaningful discussion about a given topic.

• Appeal to Time: the argument is centred around the idea that time has
come for a particular action.

A.5.6 Manipulative Wording

• Loaded Language: use of specific words and phrases with strong emo-
tional implications (either positive or negative) to influence and convince
the audience that an argument is valid.

• Obfuscation, Intentional Vagueness, Confusion: use of words that are
deliberately not clear, vague or ambiguous so that the audience may have
its own interpretations.

• Exaggeration or Minimisation: consists of either representing something
in an excessive manner or making something seem less important or
smaller than it really is.

• Repetition: the speaker uses the same phrase repeatedly with the hopes
that the repetition will lead to persuade the audience.

A.6 Prompts for Malicious Intent Classification and
Reasoning

A.6.1 Binary Detection Per Each Class.

To perform binary detection of specific malicious intent categories, we designed
a prompt that conditions the LLM on a single target intent and asks for a strict
Yes/No decision. The model is instructed to be conservative and only respond
Yeswhen confident (see Figure A.4).

A.6.2 Multilabel Detection.

For the multilabel setting, we use a single prompt that asks the model to evaluate
the presence of all five malicious intent categories simultaneously. The model
provides a Yes/No decision for each category independently and is instructed to
be conservative in its judgments (see Figure A.5).
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Binary Detection Per Each Class

System Prompt:
You are an assistant who detects malicious intention in text. Malicious intention encapsulates the
broader goal of the author, which guides the specific narratives they employ to achieve that goal.
Your expertise lies in detecting one malicious intention:
<Here name of the malicious intent category [shortcut]>
User Prompt:
Analyze the text and decide if the text contains any malicious intention: Undermining the credibility
of public institutions [UCPI] You are very conservative in your final decisions and when you are not
fully sure you answer No.
Give your answer in the form of dictionary:
{
"<[shortcut]>": "Your answer if text include <Here name of the malicious intent

category> intent. Use only Yes or No"
}
Text: <Text to analyze>

Figure A.4: Prompt template used for binary classification of malicious intent categories
with LLMs. In each instance, placeholders <Here name of the malicious intent category> and
<[shortcut]> were replaced with one of the following categories and their respective ab-
breviations: Undermining the Credibility of Public Institutions [UCPI], Changing Polit-
ical Views [CPV], Undermining International Organizations and Alliances [UIOA], Pro-
moting Social Stereotypes/Antagonisms [PSSA], and Promoting Anti-scientific Views
[PASV].

A.6.3 Prompts used for Intent Reasoning: IBI Experiments

In this section, we outline the prompt design used in our study of intent-based
reasoning for disinformation detection and present templates corresponding to
each stage of the IBI experiment. Due to the number and length of the prompts,
we do not reproduce them in full here. The complete set of prompts is available
in our online repository.

Baselines Figure A.6 presents the baseline prompt template used for zero-shot
disinformation detection. We focus on three methods introduced by Lucas et al.
[13]: VaN, Z-CoT, and DeF-SpeC, which were selected based on their strong
performance on human-annotated data. While Lucas et al. [13] conducted a
comprehensive evaluation across both human-annotated and LLM-generated
datasets, our study considers only human-annotated examples. Accordingly, we
include the top-performing methods in this setting.

Intent Analysis Figure A.7 shows the final prompt template used in the first
stage of the IBI experiment, which focuses on identifying malicious intent. The
prompt integrates the category names and definitions from our intent taxonomy
to guide model reasoning. For transparency and reproducibility, we release the
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Multilabel Detection
System Prompt:
You are an assistant who detects malicious intention in text. Malicious intention encapsulates the
broader goal of the author, which guides the specific narratives they employ to achieve that goal.
Your expertise lies in detecting five different malicious intentions:
1. Undermining the credibility of public institutions [UCPI]
2. Changing political views [CPV]
3. Undermining international organizations and alliances [UIOA]
4. Promoting social stereotypes/antagonisms [PSSA]
5. Promoting anti-scientific views [PASV]
User Prompt:
Analyze the text and decide if the text contains any malicious intentions from the following:

Undermining the credibility of public institutions [UCPI],
Changing political views [CPV],
Undermining international organizations and alliances [UIOA],
Promoting social stereotypes/antagonisms [PSSA],
Promoting anti-scientific views [PASV].

You are very conservative in your final decisions and when you are not fully sure you answer No. No.
Give your answer in the form of dictionary:
{
"UCPI": "Your answer if text include Undermining the credibility of public

institutions intent. Use only Yes or No",
"CPV": "Your answer if text include Changing political views intent. Use only Yes

or No",
"UIOA": "Your answer if text include Undermining international organizations and

alliances intent. Use only Yes or No",
"PSSA": "Your answer if text include Promoting social stereotypes/antagonisms

intent. Use only Yes or No",
"PASV": "Your answer if text include Promoting anti-scientific views intent. Use

only Yes or No"
}
Text: <Text to analyze>

Figure A.5: Prompt used for multilabel classification of malicious intent with LLMs.
The system is instructed to detect five predefined categories of malicious intent within a
given text. The model evaluates all categories simultaneously and returns a dictionary
of binary Yes/No decisions for each. The prompt emphasizes a conservative decision-
making policy: the model is instructed to respond Yes only when confident.

full set of final prompts in our public repository.

Disinformation Detection with IBI Figure A.8 presents the final prompt tem-
plate used in the second stage of the IBI experiment, which targets disinforma-
tion detection. This prompt builds on the malicious intent analysis produced
in the first stage. For each test set, we evaluated three adapted prompt variants
based on the VaN, Z-CoT, and DeF-SpeC methods introduced by Lucas et al. [13].
These adaptations align the original methods with our IBI framework. To as-
sess their effectiveness, we compare the adapted methods against their original
counterparts as baselines.
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Figure A.6: The prompt template for each baseline method in disinformation detection,
namely, VaN, Z-CoT, and DeF-SpeC. Each baseline method differs in the Baseline Specific
Instructions block. Generally, it provides method-specific guidelines defining the task
and requests for structured output. The text T represents the content passed for disin-
formation evaluation.

Figure A.7: The prompt template for first stage of IBI experiment, namely for intent
analysis. The component KI encapsulates knowledge about a predefined set of ma-
licious intent categories. Guidelines GA determine the task and specify the structure
of the expected response. Finally, the text T represents the content passed for intent
analysis.

A.7 Prompts for Persuaficial Generation and Classifica-
tion

A.7.1 Prompt Templates for Persuaficial Generation

Figures A.9, A.10, A.11, and A.12 show prompt templates used during the LLM
persuasion generation process. In our prompts, we adopt the concise definition
of persuasion proposed by Piskorski et al. [72, 28]: “Persuasive text is characterized
by a specific use of language in order to influence the reader”.

A.7.2 Prompt Templates for Persuasion Detection

Figure A.13 shows a prompt template used during the LLM persuasion detection
process. In our prompts, we adopt the concise definition of persuasion proposed
by Piskorski et al. [72, 28]: “Persuasive text is characterized by a specific use of language
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Figure A.8: The prompt template for second final stage of IBI experiments, namely
for disinformation detection step. The component θ provides threat against malicious
intents and gives some task details. Next component is the generated analysis AI(T )
from the output of first step of IBI experiment and finally, the text T represents the
content passed for disinformation evaluation. GI fully determine the task and specify
the structure of the expected response. The Baseline Specific Instructions block is a part of
guidelines and includes different instructions depending on which baseline method was
adapted to IBI experiment, namely it can be instruction from VaN, Z-CoT, or DeF-SpeC

in order to influence the reader”.

A.8 Annotation Guidelines for Persuaficial Evaluation

A.8.1 Annotation Guidelines for Sentences Verification

Purpose of the Annotation Task. The goal of this annotation task is to evaluate
whether each LLM-generated <sentence> accurately reflects content present in
its corresponding source human text. Annotators must independently judge
whether the <sentence> faithfully reflects information explicitly stated in the
source text, without adding, or altering factual content.

General Annotation Procedure.
1. Read the source persuasive human text in full to understand its factual content

and context.
2. Read the generated <sentence> carefully and evaluate it against the factual

correspondence.
3. Assign one binary label:

Factual? Yes (1) / No (0)
4. Do not consider any stylistic preferences, or grammar.
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Generation approach: Paraphrasing Generation prompt

System Prompt:
You are an assistant helping researchers study persuasion. Your task is to paraphrase provided texts
so that the meaning, and original persuasion techniques are strictly preserved. Do not make the
provided texts less or more persuasive. Keep the same level of persuasion. Definition of persuasion
is as follows: Persuasive text is characterized by a specific use of language in order to influence
readers. We distinguish the following high-level persuasion approaches: Attack on reputation,
Justification, Simplification, Distraction, Call, Manipulative wording. You will receive the original
passage. Then, paraphrase the passage, ensuring the paraphrased version contains the exact same
level of persuasion and meaning. Your final output should only be the paraphrased text.
User Prompt:
Only paraphrase the following passage in <language>
The passage is: <Human-written, persuasive text to paraphrase>
Keep the same level of persuasion. Provide the paraphrased text in <language>, in valid JSON format:
{
"generated_text":"Your paraphrased text in <language> here."

}

Figure A.9: Prompt template used for persuasive texts generation with LLMs using the
Paraphrasing Generation approach.

Annotators should make decisions independently, without discussing indi-
vidual cases during the evaluation phase.

Factual Correspondence Annotation.
1. All information in the <sentence> is explicitly stated in the source text.

• No invented facts.

• The <sentence> does not introduce generalizations (e.g., Fact present
in a source text: "Adam Smith fainted after COVID-19 vaccination" →
invalid <sentence>: "People fainted after COVID-19 vaccination")

• No added assumptions or interpretations.

2. No main factual information from the source text is omitted in a way that
distorts meaning.

3. The <sentence> is neutral and descriptive - Its purpose must be to summarize
factual content, not to evaluate, interpret, or advise.

4. Statements must be verifiable based solely on the source text. Annotators
should not use outside knowledge.
Examples of factual errors (should be labeled "No"):

• Adding additional events or statistics not in the source
• Reframing a claim as a fact (e.g., converting someone’s opinion into an asserted

truth)
• Omitting a main fact presented in source text that changes meaning.
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Generation approach: Rewriting Generation - Subtle Persuasion
prompt

System Prompt:
You are an assistant helping researchers study persuasion. Your task is to rewrite provided texts
so that the persuasion is more subtle and harder to detect, while strictly preserving all original
persuasion techniques. Definition of persuasion is as follows: Persuasive text is characterized by
a specific use of language in order to influence readers. We distinguish the following high-level
persuasion approaches: Attack on reputation, Justification, Simplification, Distraction, Call,
Manipulative wording. You will receive the original passage. Then, rewrite the passage, ensuring
the rewritten version contains the exact meaning. Your final output should only be the rewritten text.
User Prompt:
Only rewrite the following passage in <language> so that the persuasion is more subtle and harder
to detect.
The passage is: <Human-written, persuasive text to rewrite>
Provide the rewritten text in <language>, in valid JSON format:
{
"generated_text":"Your rewritten text in <language> here."

}

Figure A.10: Prompt template used for persuasive texts generation with LLMs using
the Rewriting Generation - Subtle Persuasion approach.

A.8.2 Annotation Guidelines for Persuaficial Dataset Evaluation

These guidelines describe the annotation protocol for evaluating LLM-generated
persuasive texts in the Persuaficial dataset. Each generated text is independently
annotated by two annotators. The post-generation evaluation focuses on three
key dimensions:
• Factual Correspondence: Is the generated text faithful to the target factual

content?
• Persuasiveness: Does the text contain genuine persuasion?
• Instruction Adherence: Does the text follow the specific persuasion instruction

for its generation approach?

Factual Correspondence. Goal of this step is to ensure the generated text ac-
curately reflects the source content.

Instructions:
• Open-Ended Generation: Refer to the factual sentence.
• Paraphrasing / Rewriting Approaches: Refer to the original passage.

Assessment:
• Valid (represented as 1): Text preserves the factual meaning of the source

without introducing errors or contradictions.
• Invalid (represented as 0): Text contains factual inaccuracies, omissions, or

misrepresentations.
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Generation approach: Rewriting Generation - Intensive Persuasion
prompt

System Prompt:
You are an assistant helping researchers study persuasion. Your task is to rewrite provided texts
so that the persuasion is refined for stronger persuasive effect, while strictly preserving all original
persuasion techniques. Definition of persuasion is as follows: Persuasive text is characterized by
a specific use of language in order to influence readers. We distinguish the following high-level
persuasion approaches: Attack on reputation, Justification, Simplification, Distraction, Call,
Manipulative wording. You will receive the original passage. Then, rewrite the passage, ensuring
the rewritten version contains the exact meaning. Your final output should only be the rewritten text.
User Prompt:
Only rewrite the following passage in <language> so that the persuasion is refined for stronger
persuasive effect.
The passage is: <Human-written, persuasive text to paraphrase>
Provide the rewritten text in <language>, in valid JSON format:
{
"generated_text":"Your rewritten text in <language> here."

}

Figure A.11: Prompt template used for persuasive texts generation with LLMs using
the Rewriting Generation - Intensive Persuasion approach.

Note: Only factual distortion triggers an Invalid label.

Persuasiveness The generated text must contain any persuasive elements.
For this task, we define persuasive text as text characterized by a specific use

of language in order to influence readers [28, 72]. The generated text must
be labeled as persuasive (represented as 1) if it exhibits any of the following
high-level persuasion strategies:
• Attack on reputation: the argument does not address the topic itself, but tar-

gets the participant (personality, experience, deeds, etc.) in order to question
and/or to undermine his credibility. The object of the argumentation can also
refer to a group of individuals, an organization, an object, or an activity,

• Justification: the argument is made of two parts, a statement and an expla-
nation or appeal, where the latter is used to justify and/or to support the
statement,

• Simplification: the argument excessively simplifies a problem, usually regard-
ing the cause, the consequence, or the existence of choices,

• Distraction: the argument takes focus away from the main topic or argument
to distract the reader,

• Call: the text is not an argument but an encouragement to act or to think in a
particular way,

• Manipulative wording: the text is not an argument per se, but uses specific
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Generation approach: Open-ended Generation prompt

System Prompt:
You are an assistant helping researchers study persuasion. Your task is to generate a short text
based on a provided passage. The short text must contain persuasion. Definition of persuasion
is as follows: Persuasive text is characterized by a specific use of language in order to influence
readers. We distinguish the following high-level persuasion approaches: Attack on reputation,
Justification, Simplification, Distraction, Call, Manipulative wording. Your final output should only
be the generated text.
User Prompt:
Generate a text in <language> based on the following passage in <language>.
The passage is: <Summarized, factual, and non-persuasive input sentence>
The generated text must contain persuasion. Provide the generated text in valid JSON format:
{
"generated_text":"Your generated text in <language> here."

}

Obtaining a summarized factual input sentence prompt

System Prompt:
You are a journalist assistant. Your task is to convert the provided text passage into a direct,
single-sentence text. Do not add context such as ’The speaker said...’, ’The passage is about...’,
’The statement suggests...’, etc. Keep the meaning intact but make it stand alone. Do not add any
additional information or actors.
User Prompt:
Restate the following passage in <language> as a single-sentence, neutral text in <language>.
The passage is: <Human-written, persuasive text to summarize>
Return in valid JSON format:
{
"generated_text":"Your restated sentence in <language> here."

}

Figure A.12: Prompt template used for persuasive texts generation with LLMs using
the Open-ended Generation approach along with the prompt template used to obtain a
summarized, factual, and non-persuasive sentence input from human-written persua-
sive texts.

language, which contains words or phrases that are either non-neutral, con-
fusing, exaggerating, loaded, etc., in order to impact the reader emotionally.
If any of these strategies are present, the sentence must be labeled 1 (persua-

sive) for the persuasiveness criterion.

Instruction Adherence. The goal is to verify that the text aligns with the in-
tended generation approach.

Instructions for Annotators:
1. Compare the generated text to the prompt provided to the model.
2. Label Compliant (represented as 1) if the text follows the prompt goal; Non-

Compliant (represented as 0) if it deviates.
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Binary Detection of Persuasion Prompt

System Prompt:
You are an assistant who detects persuasion in text. Persuasive text is characterized by a specific
use of language in order to influence readers. We distinguish the following high-level persuasion
approaches: Attack on reputation, Justification, Simplification, Distraction, Call, Manipulative
wording. You are the expert who detects high-level persuasion.
User Prompt:
Analyze the following passage: <Text to analyze>
Decide if the passage contains persuasion. You are very conservative in your final decisions and
when you are not fully sure you answer ’No’. Do not provide any additional text, just JSON. Give
only your final answer ’Yes’ or ’No’ in valid JSON format:
{
"decision": "’Yes’ if passage contains persuasion, ’No’ otherwise."

}

Figure A.13: Prompt template used for binary classification of persuasive texts with
LLMs.
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