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1 Introduction to WP4

The following contains the contributions of the DEMON project falling into the area of
Work Package 4. During this period, WP4 activities concentrated on advancing narrative
modeling and content analysis through several key initiatives:

e UNICA Unit: During the project’s final phase, the team consolidated previous re-
search lines into an integrated framework for analyzing persuasive communication
(Section[2). A Transformer-based model was engineered to identify persuasive tech-
niques and perform span detection to highlight specific influential words. Moving be-
yond binary classification, this model supports a "persuasion score" that quantifies
intensity along a continuum. To explore mitigation, the team experimentally veri-
fied the ability of Large Language Models (LLMs) to "sanitize" content—rewriting
persuasive text into neutral versions while preserving the original semantic meaning.
Finally, the project expanded into Italian-language social media analysis, develop-
ing a pipeline to detect fallacies (Section . This system addressed data scarcity
and class imbalance through data augmentation and feature extraction. To opti-
mize performance, the team benchmarked Fine-tuning against Retrieval-Augmented
Generation (RAG) across several state-of-the-art models, including Mixtral-8x7B,
Gemma-3-12B, and GPT-5.

e POLIMI Unit: WP4 represented the consolidation and integration phase of the
POLIMI activities. Building on the network-based analyses developed in WP3, this
work package focused on combining content-based signals from WP2 with network-
level indicators such as interaction structures, coordination patterns, and temporal
dynamics. In this perspective, the empirical evidence previously gathered on emerg-
ing platforms such as Bluesky served as a foundation for identifying robust indicators
of manipulation, amplification, and anomalous diffusion (Section . WP4 extended
this line of work by systematizing such signals within integrated analytical pipelines
and by assessing how they can support the interpretation of manipulation phenom-
ena across different application scenarios, including misinformation and harmful
content. Through performance evaluations and ablation studies, POLIMI identified
the most effective combinations of content and network features. These findings
culminated in detailed use-case reports that allow users to explore manipulation
through dimensions such as actor involvement, coordination, and amplification in-
tensity (Section [5).

The next sections will provide further details on these activities and the results ob-
tained.

2 Calculating the Persuasion Score

When we read a newspaper article or an online post about polarising topics such as politics
or religion, an unwary reader may fall victim to manipulative textual content. This type
of content aims to persuade the reader to change their beliefs. To achieve this, specific
persuasion techniques known as logical fallacies are used. Some appeal to emotion, while
others shift the focus to the speaker rather than the argument (ad hominem). In order
to develop greater critical thinking skills and preserve the integrity of public discourse, it
is necessary to use tools that can recognise these techniques and alert the reader.



Motivated by this context, our work is based on two main questions: is it possible
to measure the gradient of persuasion within a text? Furthermore, once detected, is it
possible to remove it or at least reduce it?

With the aim of answering these questions, a deep learning model based on XLM-
RoBERTa was developed to analyse texts from journalistic sources for the recognition of
persuasion techniques. Based on this recognition, a calculation was devised for a score
called a persuasion score, which could assign a value to a generic text representing the
amount of persuasion present in the text.

To validate the persuasion score, a pipeline was created using the Persuasive Pairs
dataset [5], which contains a pair of texts for each instance, one of which is more persuasive
than the other.

Finally, in order to answer the second question, a Large Language Model was used to
rephrase the most persuasive texts and recalculate their persuasive score after rewriting,
to verify whether there had been a reduction or elimination of persuasiveness.

2.1 Approach Overview

The overall framework consists of three main steps, briefly outlined below and illustrated
in Figure [1}

e Persuasion Scoring: the input text is processed by a Transformer-based language
model fine-tuned for identifying persuasion techniques (e.g., appeals to emotion,
loaded language, etc.). The model’s output is then passed to an additional module
that computes an indicator representing the degree of persuasion within the text,
referred to as the Pscore.

e Validation: the reliability of the Pscore in measuring a text’s level of persuasion is
evaluated by applying it to a dataset of sentence pairs. This dataset includes human
annotations, which serve as the ground truth for validation.

e Text Sanitization: a large language model (LLM) rewrites the original text into a
“sanitized” version, meaning that persuasive elements are minimized or removed.
The resulting text is thus more neutral and objective compared to the original.

1) Persuasion Scoring

Transformer model
| (Persuasion Technique Detection)] :
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Figure 1: Summary of the overall framework.
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2.2 Persuasion Scoring

To address this task, the first stage was divided into two main sub-steps:

e developing a deep learning model capable of identifying potential persuasion tech-
niques within a text;

e using the trained model to compute the degree of persuasion of a given text, hereafter
referred to as the Pscore.



Persuasion Technique Detection The approach employed three state-of-the-art pre-
trained language models (BERT, T5, and RoBERTa) to detect linguistic patterns linked
to persuasive reasoning. The task was divided into two subtasks: (1) binary sentence
classification, determining whether a sentence contains persuasion, and (2) binary token
classification, labeling individual words involved in persuasive expressions.

A multi-task learning framework was adopted to integrate both sentence-level and
token-level insights, enhancing contextual understanding of persuasion. All models were
fine-tuned using the SemEval 2023 Task 3 dataset [6] on detecting persuasion techniques
in multilingual online news.

The dataset includes annotations for 23 persuasion techniques grouped into six cate-
gories (e.g., Attack on Reputation, Simplification, Manipulative Wording) and provides
span-level annotations, identifying the exact words forming persuasive elements. For this
study, only the English portion of the dataset was used.

Figure [2|shows the unified multi-task architecture that enables simultaneous sentence
classification and token classification within a single forward pass. Token embeddings
are extracted from the base Transformer model, with a special token added to represent
the entire sentence. This design enables the model to produce both a global sentence-
level prediction and a fine-grained token-level analysis to detect tokens involved in fallacy
techniques.
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Figure 2: Overview of the multi-task model architecture (sentence classification and token
classification). The input part is represented by the sentence, where Wy, ... ,W,, corre-
spond to the words in the sentence. The model part represents one of the three models
used (BERT, T5, RoBERTa). Finally, the classification part returns token classification
and sentence classification.

Pscore To address the first research question, whether it is possible to measure the
quantity of a persuasive text, we introduce the persuasive score (or simply Pgeore), a
metric derived from the model’s output that assigns a numerical value between 0 and 1
to represent the gradient of manipulative or persuasive content.
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Figure 3: Flow chart of the persuasion scoring pipeline. SC and TC denote Sentence
and Token Classification, respectively, while TH represents the threshold value of the
confidence score from the sentence classification.

To validate this metric, the Persuasive Pairs dataset [5] was employed. It contains
2697 pairs of semantically similar short texts, with one text in each pair judged as more
persuasive by three human annotators. The texts were drawn from multiple sources PT-
Corpus [6], Webis-Clickbait-17 [7], Winning-Arguments [11], PersuasionForGood [9], and
ElecDeb60t020 [3] and rewritten by LLMs to amplify or reduce their persuasive strength.
Each pair received a human-assigned persuasiveness score ranging from -3 to 3, indicating
the degree and direction of change in persuasiveness.

Using this dataset, a dedicated pipeline, shown in Figure [3] was designed to identify
the more persuasive text in each pair based on the computed Pgy.ore. Once persuasive words
are detected by the multi-task model, information from both token-level and sentence-
level classifications is merged. The number of persuasive words is normalized by the total
number of words in the sentence, and an € value, derived from the sentence-level output,
is included to handle cases where no specific tokens are flagged, but the sentence is still
globally persuasive. This ensures a consistent and reliable scoring mechanism.

#pers _words
#tot _words

(1)

In Equation , #pers _words denotes the number of words identified as persuasive,
#tot _words the total number of words, and € represents the baseline from the sentence
classification. The RoBERTa-based model, which achieved the best results in persuasion
technique detection (Section , was ultimately used to compute the final Pg.oe.

Pscore = Inax (67

2.3 Validation

To validate the reliability of the Py, a dedicated pipeline was designed to assess persua-
sion within pairs of sentences from the Persuasive Pairs dataset. For each pair (7}, 7;1),
the Pgyeore is computed using the Persuasion Scoring module. The sentence with the higher
score, T; prax, is then identified and compared against the human-annotated ground truth
to evaluate the model’s accuracy (see Figure (4)).
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Figure 4: Flow chart of the Validation step for each i** pair of the dataset.

2.4 Text Sanification

After establishing a method to quantify a text’s persuasiveness through a numerical score
and validate its effectiveness on unseen data, the next step explored whether a persuasive
text could be “sanitized”. Following the approach of [8], an LLM was employed to rewrite
persuasive sentences into more neutral versions. Using the Persuasive Pairs dataset, the
most persuasive sentence from each pair, identified through the procedures in Section
and 2.3, was reformulated by the LLM to reduce or remove its persuasive elements. The
Qwen3d LLM was employed for this task, tested in four parameter sizes (0.6B, 1.7B, 4B,
and 8B) to evaluate performance across lighter and larger models. To ensure deterministic
generation, the temperature was set to 0, the random seed to 42, and the maximum output
length to 2048 tokens. Additional chat options, such as add generation prompt (to mark
response start) and enable thinking (to activate reasoning), were enabled. The model
was then prompted to rephrase each persuasive sentence.

2.5 Results

This section presents the results obtained from the different tasks conducted. First, the
outcomes of the Persuasion Technique Detection task are described, followed by the re-
sults from the persuasive score validation. Finally, the findings of the sanitization task
are presented.

Table [I] presents the evaluation results for all models across both tasks, using accuracy,
macro-F1, micro-F1, and Persuasion-F1 (focused on the persuasion class due to dataset
imbalance). Overall, sentence classification outperformed token classification, reflecting
the lower complexity of sentence-level predictions. In contrast, token-level performance
declined for all models, especially in the Persuasion-F1 metric, indicating greater difficulty
in detecting persuasive tokens. Among the tested models, BERT-based architectures sur-
passed TH, which is less suited for classification tasks. RoBERTa achieved the best overall
performance across both tasks and was therefore chosen for subsequent experiments.

The pipeline described in Section was evaluated using the Persuasive Pair dataset.
Table [2| displays the confusion matrix corresponding to the classification of Text 1 and
Text 2 within each dataset pair. According to these results, the model misclassified 341
cases, 180 involving Text 1 and 161 involving Text 2. Overall, the pipeline’s predictions
aligned with human annotations in 79% of cases.

Finally, the sanitization task was evaluated using standard natural language genera-
tion metrics. The main metric, ROUGE, measured lexical overlap between the original
(persuasive) and rewritten (sanitized) texts to assess syntactic similarity and content
preservation. Specifically, ROUGE-1 captured unigram overlap, while ROUGE-L used
the Longest Common Subsequence to evaluate structural consistency.

Additionally, two complementary metrics were adapted:



Task Model Accuracy Macro-F1 Micro-F1 Persuasion-F1

BERT 0.80 0.77 0.80 0.84
Sentence RoBERTa 0.83 0.80 0.82 0.86
T5 0.77 0.75 0.77 0.81
BERT 0.77 0.65 0.76 0.44
Token RoBERTa 0.80 0.68 0.80 0.50
TH 0.67 0.56 0.66 0.35

Table 1: Classification metric scores are reported for each task. The first row presents
the results for the sentence classification task, while the second row refers to the token
classification task. We highlight the best result for each task and metric in bold.

Prediction
Text 1 Text 2

Text 1 891 245

Actual
Text 2 235 77

Table 2: Confusion matrix of the most persuasive text classification. Text 1 is the first
text, and Text 2 is the second one.

e Style Transfer Accuracy (STA): assessed whether the sanitized text showed a re-
duced persuasion level compared to the original, based on sentence-level classifica-
tion scores.

e Semantic Similarity: measured how closely the sanitized text preserved the original
meaning, computed via LaBSE embeddings using cosine similarity.

A combined score, obtained by multiplying STA and semantic similarity, captured
both stylistic change and content preservation. The Pscore was also computed before and
after sanitization to verify reduction in persuasiveness.

Results Table [3[ show that the LLM successfully preserved meaning (high cosine sim-
ilarity) while reducing persuasion, even with the smallest 0.6B-parameter model. Larger
models further decreased the persuasive score by up to 5%, though overall performance
remained comparable. Finally, between 70% and 80% of sentences showed a reduction in
Pscore after sanitization.

3 Experiments on Fallacy Detection with an Italian
Benchmark

In order to explore possible content-based approaches on the Italian scenario — thus de-
parting from a purely anglo-centric view typically encountered in tasks addressing online
information manipulation — we conducted a study on fallacy detection as part of the
FadelT shared task at EVALITA 20267 which precisely focuses on identifying fallacies

1https ://sites.google.com/fbk.eu/fadeit2026
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ROUGE Sanitization Metrics P.core

Model R-1F1 R-LF1 ‘ Cosine Sim STA  Joint ‘

Qwen0.6B 0.557 0.513 0.792 0.718 0.570 | 0.151
Qwenl.7B 0.446 0.400 0.743 0.714 0.531 | 0.049
Qwen4dB 0.524 0.488 0.806 0.715 0.576 | 0.051
Qwen8B 0.498 0.461 0.797 0.713 0.569 | 0.048
Original Texts ‘ 0.357

Table 3: Evaluation metrics for the Qwen models on the sentence sanitization task. The
last row shows the overall P, computed over the original data.

within Italian social media posts. We developed two systems to address this multi-label
classification task using state-of-the-art Large Language Models (LLMs). Specifically,
we implemented a comprehensive pipeline consisting of sophisticated pre-processing and
distinct technical approaches (see what presented in [2]).

Pre-processing Pipeline To address issues like class imbalance, where some fallacies
appeared in less than 2% of the dataset, we employed several strategies:

e Data Augmentation with Prompt Engineering: GPT-5.1 was used to generate 50
new examples for each minority fallacy class.

e Data Augmentation with Back-translation: Posts were translated from Italian into
Spanish or French and then back to Italian using Helsinki-NLP models to create
semantically equivalent paraphrases.

e Feature Extraction: GPT-5 was instructed to act as a rhetorical feature detector, ex-
tracting 11 specific descriptors (e.g., unsupported_ claim, generalization, profanity)
from each post to serve as additional context for classification.

Approach 1: RAG and Dynamic Few-Shot Prompting This method utilized
Retrieval-Augmented Generation (RAG) to enhance model performance: The training
dataset was stored in a Qdrant vector database using OpenAl’s text-embedding-3-small
model. For each new post, the system retrieved the top five most similar examples from
the database based on cosine similarity. The final prompt sent to GPT-5.1 included
the problem definition, fallacy descriptions, retrieved examples, and the pre-extracted
rhetorical features to guide the model’s reasoning.

Approach 2: Supervised Fine-Tuning The second approach involved fine-tuning
open-source models to specialize them for fallacy detection.We used QLoRA (Quantized
Low-Rank Adaptation) to enable parameter-efficient training on a single A100 GPU. A
custom loss function incorporated label weights to balance the influence of rare fallacy
classes during training. We experimented with Mixtral-8x7B-Instruct, Gemma-3-12B-it,
and Meta-Llama-3.1-70B-Instruct.



Results and discussion The final results of the FadelT subtask A (fallacy detection
in Italian social media) show that the RAG-based approach using GPT-5 was the most
effective, outperforming the models optimized through supervised fine-tuning.

The approach using GPT-5 with dynamic few-shot prompting via RAG achieved the
highest Fl-score. While the RAG approach was the most balanced, Gemma-3 achieved
the highest precision (58.70) among the three runs but recorded the lowest F1-score due
to its significantly lower recall (38.44). Interestingly, the fine-tuned models (Mixtral
and Gemma) initially showed superior performance during the development phase (with
Mixtral reaching a 0.64 Fl-score). However, their performance declined on the official test
set, eventually falling behind the GPT-5 RAG system. All final scores remained below
50%, highlighting the intrinsic difficulty of the task, which involved classifying posts into
20 different fallacy categories.

As regards in particular the reduced effectiveness of the fine-tuning approach, the per-
formance drop suggests a potential issue with the distribution of fallacies between the
training and test datasets. If the test set contained a different balance of fallacies or used
them in different contexts than the training data, the fine-tuned models—which were opti-
mized specifically on the training data—would likely struggle to generalize. Furthermore,
certain fallacies, such as circular reasoning, strawman, or cherry picking, are difficult for
transformer-based models to grasp immediately. These require complex reasoning capa-
bilities to identify. While fine-tuning helps a model specialize, the RAG-based approach
leveraged GPT-5, a model with significantly higher baseline reasoning power and "en-
hanced reasoning capabilities" compared to the smaller open-source models. In addition,
despite data augmentation efforts, the dataset remained characterized by a suboptimal
distribution where some fallacies appeared in less than 2% of the posts. Fine-tuning on
such imbalanced data can often lead to models that are less robust when encountering
the rare classes in a live test environment. The RAG approach, instead, used dynamic
few-shot prompting, meaning it selected the five most semantically similar examples from
a vector database for every specific post it had to classify. This provided the model with
highly relevant, "on-the-fly" context that the fine-tuned models (which rely on static
weights learned during training) did not have.

4 From WP3 evidence to integrated indicators: the
Bluesky case

The Bluesky case study [4, |10] played a bridging role between WP3 and WP4. In WP3,
we investigated the early evolution of Bluesky around its public opening, with particular
attention to user growth, posting behavior, suspicious activity, and the circulation of low-
credibility information. WP4 builds on that empirical foundation by using the Bluesky
case as a testbed for consolidating network-based evidence into a broader framework for
measuring manipulation through the joint interpretation of content-based and structural
indicators.

The results obtained in the previous work package showed that rapid platform ex-
pansion may generate abrupt changes in activity and interaction volumes that do not
necessarily correspond to manipulation, but that may nonetheless create favorable condi-
tions for opportunistic or coordinated amplification. This makes it essential to interpret
activity bursts in light of additional dimensions, rather than relying on volume alone.

A second important result concerned the distribution of low-credibility information.



While such content represented only a limited portion of the overall information ecosys-
tem, its spread was highly concentrated among a small number of accounts. This suggests
that manipulation-related phenomena may be better captured through concentration, am-
plification, and actor-level asymmetry indicators than through aggregate prevalence alone.

Finally, the Bluesky analyses highlighted the importance of combining multiple per-
spectives, including political leaning, community structure, conversational toxicity, and
moderation outcomes. Taken together, these dimensions show that potentially manipu-
lative behavior should be interpreted as a multi-layered phenomenon, emerging from the
interaction between content, actors, network structure, and platform governance.

In this sense, the Bluesky study should be seen not as a separate contribution from
WP3, but as an empirical predecessor whose findings were consolidated in WP4 into
a more general analytical perspective. These results informed the design of integrated
pipelines and dashboards aimed at supporting the exploration of manipulation through
dimensions such as actor involvement, coordination, amplification intensity, and exposure
to harmful or low-credibility content.

5 Modeling the Impact of Online Misinformation on
Real World Epidemics

This work [1] develops a data-informed, multi-level modeling framework to quantify
how exposure to online misinformation can amplify epidemic spread through behavioral
changes such as reduced compliance with public health guidance and increased vaccine
hesitancy. The approach explicitly couples two distinct but interdependent layers: an
information diffusion network capturing how low-credibility content spreads on social
media, and a large-scale physical contact network capturing opportunities for disease
transmission. By integrating these layers, the study moves beyond purely theoretical or
stylized simulations and provides quantitative bounds on the potential harms associated
with misinformation exposure.

The information layer is grounded in a large corpus of English-language discussions
about COVID-19 vaccines on Twitter collected over approximately nine months in 2021.
Users are geolocated to U.S. counties, political alignment is inferred from shared news
domains (and propagated through the retweet network when direct domain evidence is
missing), and misinformation exposure is operationalized at the source level by labeling
tweets that link to low-credibility outlets. These data are used to construct a directed,
weighted retweet network, where edge weights represent repeated retweeting and serve as
a proxy for diffusion intensity and potential exposure.

To model how exposure can convert additional users beyond those who directly share
low-credibility links, the study adopts a threshold-based complex contagion process. A
single parameter ¢ represents “resilience” to misinformation: as ¢ increases, individuals
require more exposures through their neighbors to become misinformed, whereas low
values correspond to highly vulnerable settings (including the simple contagion case ¢ =
1). Varying ¢ generates misinformed subpopulations of different sizes that are empirically
anchored in observed diffusion patterns, enabling systematic comparisons across best- and
worst-case misinformation scenarios.

The physical contact layer is constructed as a large, mobility-informed network with
approximately N = 20 million nodes (a 10% sample), designed to reproduce key empir-
ical constraints at the county level. County samples are calibrated to match population
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size and ideological composition using voting records, while the fraction of misinformed
individuals in each county is inherited from the information diffusion layer. Edges in the
contact network are generated using aggregated cell-phone mobility data, yielding ex-
pected contact probabilities within and between counties and producing a network with
target average degree (set to a pre-pandemic contact rate). This construction captures
geographic structure in physical mixing while preserving ideological and misinformation-
related heterogeneity across locations.

Disease transmission is simulated on the contact network using an extension of the
classical SIR model that distinguishes between ordinary susceptible individuals and a
misinformed susceptible subpopulation (SMIR). Misinformed individuals are assumed
to adopt riskier behaviors (e.g., lower adherence to masking, distancing, vaccination),
modeled through extreme transmission parameters to bound outcomes: a worst-case sce-
nario in which misinformed individuals have very high transmission probability, versus
a best-case scenario where ordinary individuals have very low transmission probability.
Agent-based simulations initialized with a small set of infected seeds show that larger
misinformed subpopulations (lower ¢) lead to earlier and higher epidemic peaks and sub-
stantially greater cumulative infections. Quantitatively, the worst-case setting produces
a peak infection level roughly six times larger and occurring about two weeks earlier than
the most resilient scenario, with an additional ~14% of the population infected over the
course of the epidemic in the worst case.

Overall, the study provides a principled mechanism to translate misinformation exposure—
inferred from social media diffusion data—into measurable amplification of epidemic out-
comes on a realistic contact network. By bounding best- and worst-case scenarios and
testing robustness to alternative parameterizations (including mean-field approximations
and sensitivity analyses), the framework offers a reusable template for assessing how
misinformation-driven behavioral heterogeneity can propagate risk to the broader popu-
lation, and for informing policy discussions on the societal costs of health misinformation.
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