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he Introduction presents the motivation for
riting the PhD thesis, the social and technological
elevance of fake news, and the need to analyse false
information through Transformer-based detection,

1 emporal diffusion modelling, epidemic-style
IHtTOdUCtIOD ropagation and ABC/ABC-SMC uncertainty-aware
inference.

\

Y4

This chapter presents a detailed and analytical
overview of fake-news definitions, classical and
Transformer-based detection methods, ensemble
and hybrid approaches, temporal-network
Ch apter 1 diffusion, SIR /SEIZ epidemic models, ABC inference,
and the research gaps that motivate the proposed
thesis.

N

This chapter provides detailed information on the
proposed Transformer-ABC-Epidemic framework
including dataset selection, preprocessing, binary
label harmonization, temporal cascade
Ch apter 2 construction, SIR/SEIZ modelling, ABC/ABC-SMC

posterior inference, forecasting, and the baseline
posterior diffusion-risk functional.

N

This chapter outlines the experimental
implementation and validation of the developed
framework using content-based fake-news datasets
and diffusion-oriented social-network cascades,
Ch apter 3 reporting detection results, temporal cascade
analysis, SIR/SEIZ comparison, ABC/ABC-SMC
calibration, forecasting, and intervention scenarios

N

The conclusion summarizes the results obtained from the
developed framework and experimental analysis, together
with the study limitations, future research directions,
thesis contributions, related publications, citations and

C Onclusion supplementary materials.

NN N
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Introduction

The rapid expansion of digital communication has transformed the production, circulation, and
interpretation of information. News, political claims, health-related messages, crisis updates,
and personal opinions are now generated and shared continuously through online platforms and
social networks. This environment has increased access to information, but it has also created
favourable conditions for the rapid dissemination of false, misleading, or manipulative content.
Fake news is therefore not only a problem of incorrect textual content; it is also a problem of
visibility, repetition, interaction, amplification, and public trust.

The social impact of fake news has become especially visible in domains where information
strongly influences collective behaviour, including public health, elections, financial decisions,
geopolitical conflicts, emergency communication, and social cohesion. During the COVID-19
pandemic, misleading claims circulated together with verified public-health information,
generating confusion and weakening the ability of citizens to distinguish reliable evidence from
rumours, speculation, and deliberate disinformation. Similar patterns have been observed in
political and social-media contexts, where false claims may spread faster than corrections and
may persist even after fact-checking or official clarification [2], [3], [4], [53], [78].

The computational study of fake news has traditionally focused on content-based detection. In
this formulation, a news item, claim, post, or article is represented as textual input and classified
as fake or real using machine-learning or deep-learning models. Classical approaches rely on
lexical, statistical, stylistic, and source-related features, such as Bag-of-Words, TF-IDF, n-
grams, readability indicators, and supervised classifiers including Logistic Regression, Naive
Bayes, Support Vector Machines, Random Forests, and boosting methods. These methods
remain useful as interpretable baselines, but they often have limited capacity to capture
contextual meaning, implicit contradiction, sarcasm, framing, or domain shift.
Transformer-based models have changed the landscape of fake-news detection by providing
contextual language representations that can model semantic relationships across an input
sequence. Architectures such as BERT, RoBERTa, mBERT, XLM-RoBERTa, SBERT, and
BigBird can represent short social-media posts, longer article-style inputs, multilingual text,
and semantic similarity relations more effectively than sparse lexical models [6]-[12]. In the
context of fake-news detection, these models can estimate a probability that a given item
belongs to the fake-news class and can therefore provide a content-risk signal for subsequent
analysis. However, even strong Transformer classification performance does not automatically

explain how the content spreads through a social system.

13
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This limitation is central to the present dissertation. A fake-news item with high textual risk
may remain socially insignificant if it is not shared widely, while another item with moderate
textual uncertainty may become harmful if it reaches influential users, crosses communities, or
triggers repeated engagement. Therefore, fake-news analysis should not be reduced to
classification accuracy alone. The societal risk of fake news depends on the interaction between
the credibility of the content and the temporal dynamics of its diffusion. In other words, the
key research challenge is not only to decide whether a message is fake, but also to understand
whether, how, and under what uncertainty it propagates through social networks.
Temporal-network analysis provides a necessary bridge between content detection and
diffusion modelling. Unlike static graph representations, which aggregate interactions over an
observation window, temporal networks preserve the chronological order of interactions. This
is essential because information can only travel along time-respecting paths. Retweets, replies,
reposts, comments, shares, quotes, and other timestamped interactions can be used to
reconstruct directed temporal cascades associated with a specific fake-news claim. From these
cascades, observable quantities such as new active spreaders, cumulative active spreaders,
cascade size, time to peak, inter-event delays, user influence, and community crossing can be
extracted [52]-[55].

Epidemic-style models offer an interpretable mathematical language for representing fake-
news diffusion. Classical models such as SIR describe movement from susceptible users to
active spreaders and then to inactive, corrected, or removed states. Rumour and misinformation
models extend this logic by considering exposure, hesitation, skepticism, correction, and loss
of interest [31]-[35], [67], [73]. In this dissertation, SIR is retained as a transparent baseline,
while SEIZ is used as the main diffusion model because it includes exposed and skeptic or non-
spreading states. This makes SEIZ more suitable for fake-news cascades in which users may
observe content, delay sharing, reject it, encounter correction, or stop contributing to the
cascade.

Nevertheless, epidemic analogies must be used carefully. Online information sharing is not
identical to biological infection. A repost does not prove belief, silence does not prove
rejection, and platform data usually do not record every exposure, private message, deleted
post, algorithmic recommendation, or decision not to engage. Social-network cascades are
therefore partial observations of a hidden diffusion process. A deterministic fitted curve may
appear precise while ignoring substantial uncertainty about transmission, recovery, exposure,
skepticism, and correction-related parameters. This motivates the use of uncertainty-aware

inference rather than relying only on point estimates.

14
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Approximate Bayesian Computation (ABC) and ABC-SMC are suitable for this setting
because they support likelihood-free inference for models that can be simulated but whose
exact likelihood is unavailable or intractable [19]-[25], [40]. In fake-news diffusion, a
candidate SIR or SEIZ simulator can generate synthetic cascades under sampled parameter
values, and the simulated trajectories can be compared with observed temporal-cascade
summaries. Parameters that generate sufficiently similar simulations are retained as posterior
samples. ABC-SMC improves this process by progressively reducing tolerance levels and
concentrating particles in parameter regions that better reproduce the observed spreading
pattern.

The dissertation therefore treats fake-news analysis as an integrated content-to-cascade
problem. The content layer estimates whether a textual item is likely to be fake. The temporal-
network layer reconstructs how the item spreads through directed timestamped interactions.
The epidemic layer interprets the spreading trajectory through SIR and SEIZ mechanisms. The
ABC/ABC-SMC layer estimates uncertainty in the epidemic parameters and supports posterior
predictive simulation. Finally, posterior forecasts and counterfactual intervention scenarios
provide a cautious basis for analysing how visibility reduction, debunking, or early combined
mitigation could affect the future trajectory of a cascade.

A further methodological difficulty concerns dataset suitability. Content-based datasets usually
contain labelled texts suitable for supervised classification, but they often lack user-level
temporal interactions. Diffusion-oriented datasets provide timestamps, retweets, replies, or
cascade traces, but they may not contain full article text or standard fake/real labels. This
dissertation therefore separates content-based evidence from diffusion-oriented evidence. This
separation prevents the methodological error of treating classification datasets as if they were
temporal-network datasets, or treating cascade records as if they were ordinary independent
text-classification samples.

The experimental scope of the dissertation reflects this evidence-layer distinction. Content-
based datasets are used to evaluate Transformer and baseline detection performance across
short-text, long-document, healthcare-related, English, and low-resource Albanian settings.
Diffusion-oriented datasets are used to reconstruct fake-news cascades, extract time-indexed
spreading curves, compare SIR and SEIZ model fits, estimate posterior uncertainty through
ABC and ABC-SMC, and evaluate short-horizon forecasting and intervention-oriented
scenarios. In this way, the dissertation preserves the interpretability of each empirical layer

while also connecting them into one coherent framework.
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The inclusion of low-resource Albanian fake-news detection also strengthens the dissertation's
scope. Many fake-news detection studies focus on English or high-resource languages, while
smaller languages may have fewer labelled datasets, less developed fact-checking
infrastructure, and greater variation in orthography, morphology, and local political
vocabulary. Multilingual Transformer models such as mBERT and XLM-RoBERTa make it
possible to evaluate fake-news detection in this context, while synthetic or validation-oriented
temporal examples show how a diffusion pipeline could be extended when real temporal data
become available.

The proposed research is motivated by the need for a framework that is both technically
integrated and scientifically cautious. It is integrated because it combines Transformer-based
detection, temporal-network representation, epidemic modelling, likelihood-free Bayesian
inference, posterior prediction, and intervention-oriented scenario analysis. It is cautious
because it does not infer private belief directly, does not treat model probabilities as absolute
fact-checking truth, and does not claim causal platform-policy effects from observational
cascades. Instead, it provides a reproducible and auditable methodology for analysing how
fake-news content becomes socially active and how uncertain its future diffusion may be.

The need for such an integrated approach is reinforced by the way fake-news datasets are
created and used. Many benchmark corpora are valuable for classification because they provide
labels and textual content, but they often encode source-specific, topic-specific, or style-
specific patterns that can inflate performance if they are not interpreted cautiously. Conversely,
temporal diffusion datasets provide information about user activity and spreading behaviour,
but they may contain incomplete hydration, missing content, partial claim labels, or platform-
specific constraints. A high-quality dissertation framework must therefore make the evidential
role of each dataset explicit and avoid transferring conclusions from one layer of analysis to
another without methodological justification.

The dissertation also addresses the tension between predictive performance and interpretability.
Transformer models can achieve strong classification scores, but their outputs become more
useful for decision support when they are connected to transparent downstream quantities.
Temporal cascades provide observable evidence of spread; SIR and SEIZ models provide
interpretable state transitions; ABC and ABC-SMC provide posterior uncertainty rather than a
single fitted parameter vector. This layered design makes it possible to examine which part of
the evidence comes from text, which part comes from temporal interaction, which part comes

from the epidemic simulator, and which part comes from posterior predictive uncertainty.
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Another important aspect of the research is the distinction between modelling and causal
interpretation. The intervention scenarios in this dissertation are not presented as direct
measurements of real platform moderation policies. Instead, they are controlled counterfactual
simulations based on calibrated SEIZ dynamics. This distinction is important for scientific
validity. It allows the dissertation to discuss debunking, visibility reduction, and early
combined mitigation while avoiding unsupported claims about what would necessarily happen
on a real platform. The scenario analysis is therefore used as a structured decision-support
illustration, not as a substitute for randomized platform experiments or causal policy
evaluation.

The dissertation is also positioned within the author's research trajectory on fake-news
diffusion, temporal networks, BigSEIZ modelling, SIR/SEIZ comparison, and BigBird-
assisted SEIZ with ABC [87], [108], [86], [88], [89]. These works motivate the integrated
direction developed here, but the dissertation extends them by consolidating the detection,
diffusion, posterior inference, forecasting, and intervention components into one coherent
research framework. The resulting contribution is methodological as well as empirical: it
defines how multiple forms of evidence can be connected, evaluated, and interpreted under

explicit assumptions.
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Chapter 1. Literature Review and Theoretical

Foundations

1.1 Introduction

Fake-news detection has become a central research problem in natural language processing,
machine learning, data mining, social-network analysis, and computational social science. The
increasing dependence on online platforms for political, health-related, social, and economic
information has created an environment in which misleading information can be produced and
distributed at high speed. In this context, fake-news detection is not limited to identifying false
statements; it also involves analyzing how language, source credibility, user behavior, platform
mechanisms, and social reactions contribute to the spread and perceived reliability of
information [1], [2], [3].

The literature on fake-news detection is commonly organized into several methodological
families. Earlier work used shallow statistical classifiers and handcrafted features, while recent
work relies increasingly on deep contextual language models, graph-based representations and
integrated content-diffusion frameworks. In the present chapter, Sections 1.2-1.4 focus on
conceptual definitions and detection methods, while Sections 1.5-1.7 extend the discussion
toward temporal networks, epidemic modelling and Approximate Bayesian Computation for
diffusion inference.

A typical fake-news detection system follows a pipeline that begins with the collection of news
articles, claims, tweets, posts, or comments. The text is then cleaned, normalized, and
represented numerically using either handcrafted features, such as term frequency-inverse
document frequency (TF-IDF), or learned contextual embedding’s, such as those generated by
BERT or RoBERTa. A classifier then predicts the credibility label of the content. Depending
on the dataset, the task may be binary, where the system distinguishes fake from real news, or
multiclass, where the system predicts more nuanced labels such as true, mostly true, half true,
barely true, false, or doubtful [1], [4].

The importance of this literature review lies in establishing the theoretical and methodological
foundation for the proposed thesis framework. Classical machine learning provides
interpretable baselines; Transformer models provide contextual semantic understanding;
temporal networks represent time-ordered interactions; and epidemic models with ABC
support uncertainty-aware diffusion analysis. These components motivate the integrated
framework developed in Chapter 2, where the operational bridge is the calibrated fake-news

probability score produced by the selected Transformer detection layer.
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At the author level, the review is grounded in Zhou and Zafarani’s survey of fake-news
theories, Shu et al.’s data-mining perspective on social-media fake-news detection, Patwa et
al.’s COVID-19 fake-news dataset work, and the Transformer-based language-modelling
contributions of Devlin et al., Liu et al., Pires et al., Reimers and Gurevych, Conneau et al.,
and Zaheer et al. [2], [3], [30], [6]-[12]. For the diffusion component, the chapter draws on
Kermack and McKendrick, Daley and Kendall, Jin et al., Raponi et al., Kucharski, Del Vicario
et al., Cinelli et al., Bakshy et al., Scholtes et al., Rosvall et al., Lambiotte et al., Kauk et al.,
and Murayama et al., whose work links epidemic modelling, temporal networks, polarization,
echo chambers and online false-news spread [31], [32], [33], [34], [35], [36], [37], [13]-[15],
[38], [16]-[18], [39]. For uncertainty-aware inference, the review uses the ABC and simulation-
based inference literature of Beaumont et al., Marjoram et al., Sisson et al., Toni et al., Sunnaker
et al., Kypraios et al., Minter and Retkute, Marin et al., Cranmer et al., Papamakarios and
Murray, Gomez-Rodriguez et al., and Farajtabar et al. [19]-[25], [40], [26]-[29]. This author-
centred synthesis avoids treating publication venues as evidence in themselves and instead
emphasizes the specific scholarly contributions that support the dissertation framework.

1.2 Defining Fake News

1.2.1 Fake News: Definitions and Characteristics

The definition of fake news is a central theoretical issue because the term is used differently in
journalism, political communication, information science, and machine-learning research. In a
broad sense, fake news may refer to any false or misleading information that appears in a news-
like form. In a narrower scientific sense, it is often restricted to intentionally and verifiably
false information presented as legitimate news and designed to mislead readers [2], [4]. This
distinction is important because not all false information is intentionally deceptive, and not all
deceptive information is presented in a conventional news format.

This dissertation adopts a working definition that is suitable for both content-based detection
and diffusion analysis: fake news is false, misleading, partially false, or manipulatively framed
information distributed through online platforms or social networks in a form that resembles
factual reporting. The definition includes news articles, social-media posts, claims, health-
related misinformation, political narratives, and doubtful content whose truth status may be
incomplete or disputed. This formulation is intentionally broader than a strict binary definition
because false and misleading online information often exists along a credibility spectrum rather
than as a perfectly separable fake/real dichotomy.

A further distinction concerns intentional and unintentional misinformation. Disinformation

implies deliberate deception, whereas misinformation may be shared without a conscious
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intention to mislead. This difference is conceptually important, but it is difficult to encode in
datasets because annotators usually observe the text, source, and context rather than the actual
psychological intention of the author. Consequently, many computational studies treat
intentionality as a latent or contextual variable instead of a directly observed label [3], [41].
Fake-news detection may be formulated as a binary or multiclass task. Binary classification
simplifies the problem into fake and real labels and is useful for benchmark experiments,
probability scoring, and integration with downstream diffusion models. Multiclass
classification is more expressive because it can represent intermediate truthfulness categories
such as partially false, unverified, doubtful, or misleading. However, multiclass annotation
usually increases ambiguity and reduces inter-annotator agreement. In this thesis, binary
fake/real probability is used as the main experimental detection output, while multiclass and
doubtful-news categories remain essential for theoretical interpretation and for understanding
the limits of binary labelling.
1.2.2 Related Concepts
Fake news is closely related to several concepts that overlap but are not identical. Confusing
these concepts can lead to inconsistent dataset construction, weak annotation protocols, and
unreliable evaluation. The conceptual boundary is especially important when models are
trained on one dataset and then evaluated in another domain, because labels such as rumor,
satire, disinformation, doubtful news, and clickbait may encode different annotation
assumptions.
Table 1.1 summarizes the main concepts related to fake news and explains their relevance to
automated detection. The table is retained because it clarifies the terminology used throughout
the thesis and supports the later distinction between content-level credibility classification and
network-level diffusion modelling.
Table 1.1. Main concepts related to fake news and their relevance to detection.
Concept Meaning Relevance to fake-news detection
Misinformation = False or inaccurate information that Important when the intention of the source
may be shared without deliberate is unknown, unavailable, or not directly
intent to deceive. observable in the dataset [41].
Disinformation | False or misleading information | Closest to the narrow definition of fake
produced or disseminated K news and highly relevant to intentional

deliberately to deceive. manipulation [2], [3].
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Malinformation

Rumors

Propaganda

Satire / parody

Clickbait

Doubtful news

Infodemic

True or partly true information used
in a misleading context or with
harmful intent.
Unverified information that
circulates before its truth status is
confirmed or rejected.

Strategically framed communication
beliefs,

designed to influence

attitudes, or behaviour.

Content that intentionally imitates
news style for humour, criticism, or
exaggeration.

Sensational or misleading headlines
designed to attract attention and
increase engagement.

Content whose truthfulness is
uncertain, mixed, weakly supported,
or insufficiently verified.

A large-scale mixture of accurate,
and

inaccurate, misleading

information, especially during crises.

Requires contextual analysis because the
problem may lie in framing, timing, or
selective disclosure [41].

Relevant to temporal verification,
evolving labels, and diffusion before
confirmation [111], [53].

May overlap with fake news when
selective facts, emotional framing, or
fabricated claims are used to influence
audiences.

Can be misclassified as fake news unless
genre, intention, and publication context
are considered [111].

May be false, partly true, or simply
manipulative; useful for detecting
engagement-driven misinformation.
Important for uncertainty-aware and
delayed-decision classification rather than
forced binary labelling.

Highly public-health

misinformation and COVID-19 fake-

relevant  to

news research [30].

The concept of doubtful news is particularly important for this dissertation. Doubtful content
does not always satisfy the strict definition of fake news, but it may still spread rapidly and
influence public perception before its truth status is settled. In a Transformer-based system,
doubtful news may correspond to low confidence, contradictory evidence, disagreement among
fact-checking sources, or conflicting signals between textual content and source credibility.
Therefore, doubtful news should not be treated simply as an error category; it represents a real
epistemic condition in online information environments.

This conceptual boundary is also consistent with deception-oriented and rumour-verification
studies, including tree-structured rumor detection and conversational-thread analysis, which
distinguish fabricated news, satire, hoaxes, propaganda, unverified rumours and evidence-
based fact-checking tasks instead of treating every doubtful item as the same binary object

[103], [105], [111], [160]-[162], [173], [177]-[178].
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1.2.3 Challenges in Defining Fake News

The definition of fake news is difficult because truthfulness is not always stable, objective, or
immediately verifiable. Some claims depend on context, timing, source reliability, or the
availability of later evidence. A claim that is unverified at the time of publication may later
become confirmed, while a claim that appears accurate may become misleading when new
evidence emerges. This problem of evolving truth is particularly visible during crises, elections,
wars, and public-health emergencies, when information changes rapidly and verification is
incomplete.

Annotation ambiguity is one of the most serious methodological problems in fake-news
detection. Annotators may disagree because they interpret sarcasm, satire, political framing,
missing context, or partial truth differently. Dataset labels may also reflect the criteria of a
specific fact-checking organization, the political context of a claim, or the level of evidence
available at a particular moment. As a result, models trained on such labels may learn the
annotation policy of a dataset rather than a general definition of falsity. This limitation is
especially important when binary labels are used for content that is actually mixed, doubtful,
or context-dependent.

Subjectivity and polarization further complicate the problem. In polarized communities, users
may interpret the same claim according to ideological alignment rather than evidence.
However, a detection model must not equate disagreement with falsity. The label should be
grounded in verifiable evidence, transparent annotation criteria, and source documentation
rather than audience preference or political identity [4], [3].

Fact-checking also has limitations. It may be delayed, incomplete, domain-specific, or
inconsistent across organizations. Some claims are too vague to verify directly, while others
combine true and false elements in a single narrative. Fact-checking databases may focus on
high-visibility claims and underrepresent low-resource languages, local misinformation, or
private-platform circulation. Consequently, fact-checking should be treated as an important but
imperfect source of ground truth, and model outputs should be interpreted probabilistically

rather than as absolute truth judgments.

1.3 Classical Machine Learning Approaches for Fake-News

Detection
1.3.1 Text Representation Methods

Classical machine-learning approaches represent the first major family of computational

methods for fake-news detection. They transform textual content into numerical feature vectors
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and then apply statistical classifiers. In the context of this dissertation, these methods are
retained as interpretable baselines and as historical foundations for understanding why
Transformer-based models are needed.

The most common text representations include Bag-of-Words, TF-IDF, word and character n-
grams, and stylometric features. Bag-of-Words represents a document through the frequency
or presence of tokens without modelling word order. N-grams partially address this limitation
by preserving short local sequences of words or characters. Stylometric features capture writing
style through punctuation, readability, sentence length, lexical diversity, sentiment, or part-of-
speech patterns. These representations are useful because they are transparent and
computationally efficient, but they remain limited when fake-news interpretation depends on
context, implication, sarcasm, or narrative framing.

TF-IDF is retained as the principal classical representation because it is widely used in fake-
news detection and provides a strong baseline for sparse textual classification. It gives higher

importance to terms that are frequent in one document but relatively rare across the corpus:

TF-IDF(t, d) = TF(t, d)log (D ;V(t)) (1.1)

In Equation (1.1), TF(t,d) is the frequency of term t in document d, DF(t) is the number of
documents containing the term, and N is the number of documents in the corpus. The equation
is useful for identifying discriminative lexical cues, but it does not capture semantic
equivalence between different wordings of the same claim.

1.3.2 Classical Classification Models

Classical fake-news classifiers include Logistic Regression, Naive Bayes, Support Vector
Machines, Random Forest, Gradient Boosting and XGBoost. In this thesis these models are
treated as background and interpretable baselines rather than as the central methodological
contribution. Their inclusion is supported by established text-classification and fake-news
literature: Support Vector Machines are grounded in Joachims' text-classification work [42],
Random Forests in Breiman's random-forest model [43], and XGBoost in the scalable gradient-
boosting system of Chen and Guestrin [44]. Comparative fake-news studies and surveys also
report Logistic Regression, Naive Bayes, SVM, Random Forest and boosting methods as
classical baselines for fake-news detection [3], [45], [46].

Table 1.2 summarizes the main classical models and their relevance to fake-news detection.
The table is kept in compact form in order to support comparison with the Transformer-based

detection methods discussed later in the chapter.
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Table 1.2. Classical machine learning approaches for fake-news detection.

Approach Typical Representative Strengths Limitations
features literature
Logistic TF-IDF, n- Shu et al. [3]; Simple, Limited ability to
Regression  grams, Agarwal et al. [45]; interpretable, and model nonlinear
metadata Zhang et al. [46] strong as a linear semantic relations.
baseline.
Naive Bayes | Word counts, Shu et al. [3]; Fast, scalable, and Relies on a strong
binary terms, Agarwal et al. [45];  effective for small conditional-
TF-IDF Zhang et al. [46] text datasets. independence
assumption.
Support TF-IDF, Joachims [42]; Effective in high- Requires careful
Vector word and Agarwal et al. [45]; dimensional sparse kernel and parameter
Machine character n- Zhang et al. [46] spaces. selection for large
grams datasets.
Random Stylometric, | Breiman [43]; Robust to noisy Less suitable for very
Forest lexical, Agarwal et al. [45]; | engineered features | sparse text without
readability, Zhang et al. [46] and useful for | feature reduction.
and metadata feature importance.
features
Gradient Lexical, Chen and Guestrin Strong predictive Requires tuning and
Boosting /= stylistic, [44]; Zhang et al. [46] performance with may overfit noisy or
XGBoost metadata, and engineered features. biased labels.
structured
features

1.3.3 Advantages and Limitations

The main advantages of classical models are interpretability, computational efficiency, and
reproducibility. Linear models can show which words or n-grams contribute most strongly to
a prediction, and tree-based models can provide feature-importance scores. This explainability
is valuable in fake-news detection because users, journalists, and moderators often require a
justification for why a claim is classified as suspicious. Classical models are also useful in low-
resource settings where large Transformer models may be computationally expensive or prone
to overfitting.

Despite these advantages, classical models have limited contextual understanding. They often

rely on surface-level lexical cues and may fail when two texts express the same false claim
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using different vocabulary, or when the same words have different meanings in different
contexts. They are also sensitive to domain shift: a model trained on COVID-19
misinformation may not generalize to political, financial, or geopolitical fake news if the
vocabulary and narrative structure change. For this reason, classical machine learning is treated
in this dissertation as a transparent baseline and explanatory reference point, while the main
detection layer is based on Transformer architectures and calibrated probability outputs.

1.4 Transformer-Based Models for Fake-News Detection
Transformer-based models form the dominant family of modern neural architectures for fake-
news detection because they learn contextual representations rather than relying only on
isolated lexical features. In contrast to classical models, which typically represent text through
sparse counts or engineered indicators, Transformers use attention mechanisms to model
relationships among tokens, sentences and claims across an input sequence. This capacity is
particularly important for fake-news detection, where misleading content may depend on
implicit contradiction, selective framing, emotional language, missing context or semantic
similarity between a claim and verified evidence [6], [7].

1.4.1 Transformer Architecture and Attention Mechanism

The Transformer architecture introduced by Vaswani et al. replaces recurrence with self-
attention, allowing all tokens in a sequence to interact directly during representation learning
[7]. Self-attention computes the relevance of one token to another through query, key and value
projections. For fake-news detection, this mechanism enables the model to assign higher
weight to entities, numerical claims, emotionally charged expressions, source cues and context-

dependent phrases that may influence the credibility decision.

T
Attention(Q, K, V) = softmax (Q—\/Z_k> %4 (1.2)

In Equation (1.2), Q, K and V denote the query, key and value matrices, while dj, denotes the
dimensionality of the key vectors. The equation is retained in the literature review because
attention is the main theoretical mechanism that explains why Transformer models can capture
contextual relations more effectively than Bag-of-Words or TF-IDF features.

The resulting contextual representation is valuable for Natural Language Processing because
the meaning of a word or phrase is no longer treated as fixed. A claim about a vaccine, a
political actor or a crisis event may receive different contextual interpretation depending on

surrounding evidence, modality, sentiment and discourse structure.
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1.4.2 BERT and RoBERTa-Based Detection
BERT is one of the most influential Transformer-based models for text classification. It uses a
bidirectional encoder trained with masked language modelling and can be fine-tuned for
downstream tasks by attaching a classification layer to the contextual representation of the
input sequence [6]. In fake-news detection, BERT is useful because it can capture semantic
relations between the headline, body text, named entities and implicit argumentative cues.
RoBERTa improves the BERT training procedure by using larger training data, dynamic
masking and optimized pre-training choices [8]. In fake-news detection, RoBERTa is
commonly used as a stronger contextual baseline because it often provides more stable
representations across domains. Both BERT and RoBERTa are typically fine-tuned on labelled
fake/real datasets, where the final classifier estimates a probability distribution over credibility
labels.

p(y | x) = softmax(Whcrs) + b) (1.3)
In Equation (1.3), hjcys) denotes the contextual representation of the input sequence, W and b

are trainable parameters of the classification layer, and p(y | x) denotes the predicted
probability distribution over labels. In this chapter, the equation is used only to describe the
general classification principle; the detailed experimental fine-tuning settings are placed in
Chapter 2 and Chapter 3.

1.4.3 Multilingual Transformer Models

Multilingual fake-news detection requires models that can represent several languages with
shared subword vocabularies and cross-lingual semantic spaces. Multilingual BERT (mBERT)
was trained across many languages and can support transfer to lower-resource settings,
although its performance depends on language coverage, tokenization quality and domain
similarity [9]. XLM-RoBERTa extends this idea by using large-scale multilingual
CommonCrawl data and often provides stronger cross-lingual representations [11].

These models are relevant for the present thesis because fake-news detection is not limited to
high-resource English corpora. Low-resource languages, including Albanian, may have fewer
labelled datasets, smaller fact-checking infrastructures and greater variation in spelling or
morphology. Multilingual Transformers therefore provide a practical mechanism for
evaluating fake-news detection under language scarcity while preserving the same binary

fake/real experimental logic.
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1.4.4 Long-Sequence Models
Standard BERT-style models use full self-attention and are commonly constrained by a
maximum input length. When fake-news articles are long, truncation can remove important
evidence from the body of the article, including quotations, references, internal contradictions
or misleading transitions between headline and text. Long-sequence models address this
limitation by modifying the attention pattern so that longer inputs can be processed more
efficiently.
BigBird is particularly relevant because it combines local, random and global attention,
producing a sparse-attention pattern with substantially lower computational cost than full
attention [12]. Local attention captures nearby context, random attention supports long-range
information flow, and global attention allows selected tokens to aggregate document-level
information. This makes BigBird suitable for long fake-news articles, where credibility cues
may appear outside the first 512 tokens.
Complexityg,; = 0(n?d) (1.4)
Complexitysparse = 0(nrd), r<Kn (1.5)
Equations (1.4) and (1.5) summarize the computational motivation for using sparse attention.
Full self-attention scales quadratically with sequence length, whereas sparse attention reduces
the number of attended token pairs and therefore makes long-document classification more
feasible. This discussion is retained because it explains why BigBird is considered for full-
article fake-news detection, while implementation-level details are reserved for Chapter 2.
For a token 1, the BigBird attention set can be expressed in compact form as:
A=W, UR; UG (1.6)
Here, W; denotes a local window, R; denotes a set of random tokens, and G denotes global
tokens. This formal notation is included only to clarify the sparse-attention principle; the thesis
does not treat the BigBird architecture itself as an original contribution.
h; = Attention(q;, Ka,, Va,) (1.7)
Equation (1.7) indicates that the contextual representation of a token is computed over the
restricted sparse-attention set rather than over the complete sequence. The practical implication
for fake-news detection is that more article-level evidence can be preserved without applying
aggressive truncation.
1.4.5 Sentence-Level and Similarity Models
Sentence-level Transformer models provide another important direction for fake-news

detection. SBERT modifies BERT through siamese or triplet network structures in order to
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produce sentence embeddings that can be compared efficiently through semantic similarity
[10]. This is useful when the task involves comparing a claim against a verified statement, a
fact-checking article, a headline, or a set of evidence sentences.

Similarity models are particularly useful for claim comparison and retrieval-based verification.
A fake-news detector may first identify whether a new claim is semantically close to previously
debunked claims and then use this similarity as evidence for credibility assessment. However,
similarity alone is not sufficient: two claims may be semantically close but differ in important
details such as time, location, quantity or causal framing.

1.4.6 Large Language Models and Emerging Directions

Large Language Models represent an emerging direction in fake-news research. They can
support explanation generation, claim rewriting, weak supervision, zero-shot classification and
assisted fact-checking workflows [47]-[49]. In low-resource settings, any LLM-assisted
process must be separated from test data and manually checked for label consistencys; it is not
used as a core evidence source in this thesis.

At the same time, LLMs introduce specific risks. They may generate fluent but unsupported
statements, reproduce social biases, overstate certainty or produce hallucinated explanations
[49]. For this reason, LLM-generated outputs are not treated as ground truth in this dissertation.
LLMs are used only as auxiliary or support tools for controlled augmentation, exploratory
analysis or explanation drafting; final labels, evaluation sets and diffusion interpretations
remain evidence-based, manually auditable and reproducible.

Recent instruction-following, retrieval-augmented and hallucination-checking research
reinforces this boundary: large language models can support explanation, retrieval and weak-
supervision workflows, but generated claims require external evidence, provenance and
consistency checks before they can be used in a labelled benchmark or diffusion interpretation
[48], [135]-[136], [143]-[145]. More recent fake-news and factuality studies reinforce this
interpretation: LLMs can act as advisors or rationale generators for smaller detection models,
fake-news detectors must be adapted to human-written, machine-paraphrased and machine-
generated news, and factuality evaluation remains difficult for open-ended LLM outputs [181],
[182], [183].

Table 1.3 supports the content-detection layer of the framework by identifying how textual
evidence is prepared or interpreted before diffusion analysis.

Table 1.3. Main Transformer-based models relevant to fake-news detection.

Model Core idea Relevance to fake-news detection
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BERT Bidirectional Transformer encoder Strong baseline for contextual fake-news
pre-trained with masked language @ classification [6].
modelling.

RoBERTa Optimized BERT training with more | Often improves robustness and
data, dynamic masking, and no next- | classification performance [8].
sentence prediction.

mBERT Multilingual BERT trained across 104 Useful for cross-lingual or multilingual
languages. fake-news detection [9].

BigBird Sparse-attention Transformer that Useful for full-article fake-news detection
combines local/window, random, and | because it reduces information loss caused
global attention to model long | by truncating long articles to the first 512
sequences with linear attention @ tokens [12].
complexity.

SBERT Sentence-level embeddings based on Useful for semantic similarity, claim
siamese/triplet BERT networks. comparison, and sentence-level

classification [10].

XLM- Cross-lingual RoBERTa trained on | Useful for multilingual detection and

RoBERTa large multilingual CommonCrawl | transfer across languages [11].
data.

Large Generative Transformer models used = Support augmentation and zero-shot

Language for augmentation, explanation, and detection; require caution due to

Models zero-shot tasks. hallucination and bias.

1.4.7 Limitations of Transformer-Based Detection

Despite their strong performance, Transformer-based fake-news detectors have important
limitations. First, they are computationally more expensive than classical models because they
require tokenization, GPU-supported fine-tuning and careful validation. Second, they are less
interpretable: attention weights and embedding representations do not automatically provide
faithful explanations for why a model assigns a fake or real label.

Third, Transformers may be vulnerable to adversarial attacks, paraphrasing, topic shift and
strategically manipulated language [50]. A model trained on COVID-19 claims may not
generalize to political disinformation, financial rumours or Albanian-language news without
adaptation. Domain adaptation is therefore a central challenge, especially when training and
deployment data differ in topic, platform, language, source style or label policy [51].
Transformer-based detection remains If annotations are

Finally, dataset-dependent.

inconsistent, politically biased, delayed or incomplete, the model can learn these weaknesses
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as if they were reliable signals. For this reason, Transformer outputs should be interpreted as
probabilistic credibility estimates rather than final truth judgments. The methodological
chapters later connect these probabilities with temporal-network and epidemic-diffusion
analysis, but the risk-based transmission equations are developed in Chapter 2 rather than in
this literature-review section.

Model selection and implementation details therefore remain part of the methodological
evidence. DeBERTa, library-level Transformer implementations and tokenizer-quality studies
show that architecture, checkpoint choice, tokenization and sequence policy can change
robustness, multilingual coverage and calibration, especially for long or low-resource fake-
news texts [118]-[120].

1.5 Ensemble and Hybrid Approaches for Fake-News Detection
Ensemble and hybrid approaches form an important contextual part of the fake-news detection
literature because they attempt to combine the strengths of several learners, feature spaces or
modelling assumptions. In a narrow sense, an ensemble combines multiple classifiers and
aggregates their outputs through voting, averaging or a meta-learner. In a broader sense, a
hybrid system joins different types of evidence, such as lexical features, Transformer
representations, user metadata, stance information or network signals. These approaches are
relevant to this dissertation because they show one possible route for improving predictive
performance, but they also clarify why the implemented thesis framework does not adopt an
ensemble classifier as its core experimental detector.

The distinction between ensemble detection and the proposed dissertation framework is
important. Ensemble methods usually operate inside the detection layer: several models are
trained for the same classification task and their predictions are combined into a final fake/real
decision. The framework developed in this dissertation instead links different analytical layers:
a Transformer detector estimates content-level fake-news probability, temporal cascade
analysis reconstructs how the fake-news claim spreads, SIR/SEIZ models represent diffusion
mechanisms, and ABC/ABC-SMC estimates uncertainty. Therefore, the dissertation is hybrid
at the framework level, but it does not use an ensemble classifier as the operational detection
model.

1.5.1 Voting-Based Ensembles

Voting-based ensembles are among the simplest forms of model combination. In hard voting,
several classifiers each produce a class label and the final decision is obtained by majority vote.
In soft voting, the predicted probabilities are averaged or weighted, and the final label is

selected from the combined probability distribution. For fake-news detection, voting may
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combine models trained on TF-IDF vectors, stylistic features, classical classifiers, neural
models or different Transformer checkpoints. The motivation is that individual models may
make different errors, so a collective decision can reduce variance and produce more stable
predictions across heterogeneous examples.

Voting can be useful when the underlying data contain diverse linguistic patterns. A claim-
based COVID-19 dataset, a long-form article dataset and a low-resource language dataset may
emphasize different textual signals. A voting ensemble could combine a lexical classifier that
captures explicit cue words, a Transformer model that captures contextual semantics, and a
length-aware model that handles long documents. This logic is consistent with the general fake-
news survey literature, where detection is commonly described as a multi-feature and multi-
source task rather than a purely lexical classification problem [2]. Classical ensemble learners
such as Random Forests and boosting-based methods also demonstrate how aggregating many
weak or unstable predictors can improve robustness [43], [44].

However, voting-based ensembles also introduce limitations that are significant in a PhD
methodology. First, they require careful calibration because the probability output of one model
may not be directly comparable with the probability output of another. Second, they can hide
the source of an error: if the ensemble misclassifies a fake-news claim, it may be difficult to
determine whether the error comes from lexical features, Transformer semantics, dataset bias
or class imbalance. Third, the ensemble decision may increase performance without improving
theoretical understanding of how content risk becomes diffusion risk. For this dissertation, this
limitation is central because the goal is not only to maximize a classification score, but also to
connect detection with temporal spreading and epidemic inference.

1.5.2 Stacking and Meta-Learning

Stacking and meta-learning represent a more flexible ensemble family. Instead of directly
voting among base classifiers, stacking trains a second-level model that learns how to combine
the predictions of several first-level models. The base learners may include classical machine
learning classifiers, deep neural networks, Transformer models or models trained on different
feature groups. Their outputs are then used as inputs for a meta-classifier, which estimates the
final fake/real decision. This approach can be attractive when different datasets or feature
spaces contain complementary information, because the meta-learner can assign different
importance to different model outputs.

In fake-news detection, stacking can theoretically combine content-level evidence with social
and contextual evidence. For example, one base model may detect suspicious wording, another

may evaluate stance toward a known claim, another may use source-level credibility and
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another may exploit network information. Such a design can improve classification
performance when training data are sufficiently large and when the validation protocol is
carefully separated from the training process. It can also support domain adaptation if the meta-
learner learns which signals are more reliable for short claims, long articles or multilingual text.
For this reason, stacking is a plausible research direction for large-scale operational fake-news
systems.

Despite these advantages, stacking is not adopted as an experimental component in this
dissertation. The main reason is methodological clarity. A stacked detector would introduce an
additional layer of learned decision-making between the Transformer output and the diffusion
model. This would make it harder to interpret how the content-level probability contributes to
cascade analysis and to the proposed Baseline Posterior Fake-News Diffusion-Risk Functional.
Stacking also increases the risk of validation leakage if meta-features are generated incorrectly,
and it requires additional ablation studies to prove that the meta-learner improves
generalization rather than simply memorizing dataset-specific artifacts. These requirements
would shift the focus away from the dissertation’s main contribution: connecting Transformer
detection with temporal-network and epidemic-model inference.

1.5.3 Transformer-Based Hybrid Systems

Transformer-based hybrid systems extend ensemble thinking by combining contextual
language models with additional architectures or evidence sources. A Transformer may be
combined with convolutional or recurrent layers, with graph neural networks, with metadata
features, or with fact-checking retrieval modules. In long-document settings, models such as
Longformer and BigBird address the input-length limitation of standard Transformers and may
be joined with domain-specific classification heads or auxiliary features [12]. In multilingual
or low-resource settings, contextual models such as multilingual BERT can be combined with
language-specific preprocessing, translation, data augmentation or cross-lingual transfer
strategies [9].

These hybrid systems are relevant because fake-news detection is rarely a purely textual
problem. A fake-news article or claim may depend on who posted it, how it was shared,
whether it matches previously debunked information, and whether it appears during a
coordinated diffusion event. Transformer-based hybrids therefore attempt to incorporate richer
signals than text alone. At the same time, they often remain detection systems: the final output
is still a class label or probability score. The dissertation’s framework goes beyond this by
using Transformer detection as the entry point into a temporal and epidemiological analysis,

rather than as the final endpoint of the study.
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Graph, multimodal and explainable fake-news models strengthen the same argument. GNN
foundations, GCN/GAT/GraphSAGE variants and fake-news-specific graph models show how
users, publishers, news items and propagation links can be represented as relational evidence,
while multimodal and explainable systems such as EANN, SAFE, dEFEND, CSI and CredEye
combine textual, visual, social-response and explanation signals [121]-[127], [137]-[139],
[146]-[152], [171]-[172], [176].

The author’s related work on BigBird-assisted SEIZ and ABC modelling is hybrid in a different
sense: the Transformer component supports content-level identification, while the epidemic
model and ABC/ABC-SMC layer explain and calibrate diffusion behaviour [86], [89]. This is
not equivalent to building a Transformer ensemble. It is an integrated detection-diffusion-
inference framework. The distinction is important for the thesis argument because it preserves
interpretability at each layer. A Transformer score remains a content-risk signal; temporal-
network measures remain cascade evidence; SEIZ parameters remain diffusion mechanisms;
and ABC/ABC-SMC remains the uncertainty-estimation layer.

1.5.4 Advantages and Limitations

The main advantage of ensemble and hybrid approaches is predictive complementarity.
Different models may capture different aspects of fake-news text: lexical repetition, sensational
wording, source style, semantic contradiction, topic-specific misinformation, or long-range
document structure. Combining these signals can improve robustness and reduce the chance
that a single weak model dominates the final prediction. Ensembles may also stabilize results
across random seeds, class imbalance and noisy examples. In practical systems where
classification performance is the only target, this improvement can be valuable.

A second advantage is flexibility. Voting and stacking can combine classical machine learning,
Transformer embeddings, topic features, user features and propagation features within one
decision architecture. This allows the same general design to be adapted to multiple datasets
and tasks. For example, a short-claim dataset may benefit from semantic similarity and stance
cues, while a long-article dataset may benefit from long-sequence Transformers or document-
level representations. Hybrid systems can therefore be attractive for applied fake-news
monitoring tools.

The limitations are equally important. Ensembles increase architectural complexity,
computational cost and reproducibility burden. They require additional hyperparameter tuning,
multiple training runs, careful probability calibration and more complex error analysis. They
may also reduce interpretability: if an ensemble improves F1 score but the contribution of each

component is unclear, it becomes harder to explain why a particular fake-news claim was
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classified as fake. This matters in a dissertation that later uses detection outputs as inputs for
temporal cascade analysis and epidemic modelling. In such a framework, interpretability and
methodological traceability are not secondary concerns; they are necessary for connecting the
classification result to the diffusion result.

Another limitation is that ensemble performance can be dataset-specific. A model combination
that performs well on a COVID-19 claim dataset may not generalize to political articles,
healthcare misinformation or Albanian-language news. If the ensemble is optimized only for
classification metrics, it may obscure whether the detected fake-news claim actually produces
a meaningful cascade. This dissertation therefore treats ensemble approaches as relevant
background, but not as the main experimental strategy. The central research question is not
whether an ensemble can marginally improve detection accuracy, but whether a coherent
framework can connect detection, diffusion, posterior uncertainty and intervention-oriented
reasoning.

1.5.5 Why Ensemble Methods Are Not Adopted in this Dissertation

The methodological decision not to use ensemble classifiers follows directly from the structure
of the dissertation. The detection layer is required to produce a clear and interpretable
probability that a text item or fake-news claim is fake. This probability is then linked to
temporal cascade reconstruction, SIR/SEIZ diffusion modelling and ABC/ABC-SMC posterior
inference. If the detection layer were itself a complex ensemble, the source of the probability
score would be less transparent and the connection between content evidence and diffusion
evidence would become harder to defend. Individual Transformer architectures therefore
provide a more controlled operational layer for the experimental design.

This choice does not imply that ensemble methods are unimportant. They remain relevant in
the literature and may be useful in future operational systems, especially when the goal is only
to maximize classification accuracy across several benchmark datasets. In this thesis, however,
the detection model must be evaluated together with temporal-network outputs such as Ijjeyw (t),
Ieum (t), cascade reach and posterior predictive growth. The emphasis is on a transparent link
between detection and diffusion rather than on a highly optimized classifier that is difficult to
interpret in downstream epidemic modelling.

Although ensemble approaches often improve predictive performance, they introduce
additional architectural complexity and reduce interpretability. Since the main objective of this
dissertation is to investigate the interaction between Transformer-based detection, temporal

diffusion modelling, and epidemic inference, individual Transformer architectures are selected
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as the primary operational detection layer. Ensemble methods are therefore treated as
contextual literature rather than experimental components.

1.5.6 Why GNN and XAI Are Not Implemented as Core Experimental Layers

Graph Neural Networks and explainable Al are important modern directions for fake-news
research because they can incorporate social context, propagation structure and explanation-
oriented evidence [121]-[127], [115]-[117], [149], [152],[163], [164], [172]. They are included
in the literature review to show how relational and interpretable approaches extend purely
textual detection.

They are not implemented as core experimental layers in this dissertation for methodological
reasons. GNN-based fake-news detection requires richer user-level graph data, stable follower
or interaction networks, propagation labels across claims, and stronger privacy controls than
are available consistently across the retained content-based datasets. XAl methods require a
separate explanation-validation protocol to test whether explanations are faithful and useful
rather than only visually plausible. For this thesis, the priority is therefore a traceable
Transformer-ABC-Epidemic pipeline in which the Transformer score, temporal cascade,
SIR/SEIZ parameters and ABC/ABC-SMC posterior uncertainty can be interpreted separately.
GNN and XALI extensions are retained as future work rather than as unvalidated additions to
the implemented methodology. Social-context graph models such as FANG show the value of
graph representation for fake-news detection, but their full use depends on user-level
interaction histories and stable social-context features that are not consistently available in the
retained datasets [127].

1.6 Temporal-Network Approaches to Fake News Diffusion

Fake news diffusion cannot be understood only from textual content. A claim becomes socially
influential when it moves through users, communities and platforms over time. Temporal-
network approaches therefore represent fake news as a dynamic process in which nodes
correspond to users, posts, claims or sources, and edges correspond to time-stamped
interactions such as reposts, replies, mentions, comments, quotes or shares [52], [13], [14].
The key advantage of temporal-network modelling is that it preserves the order of interactions.
In a static graph, all observed edges are aggregated into one structure, even when they occur at
different times. In a temporal graph, an edge is active only at a given time or interval, making
it possible to reconstruct chronologically valid diffusion paths and to distinguish potential

exposure from actual time-respecting transmission.
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1.6.1 Static vs Temporal Networks
Static networks are useful for describing the overall structure of a social platform, but they may
misrepresent fake-news diffusion because they ignore temporal ordering. If user A interacts
with user B after user C has already shared the same claim, then a static path A -> B -> C may
appear possible even though it is causally invalid. Temporal networks avoid this problem by
requiring interactions to follow chronological order.

Gr=(V,Er), Er={(u,u, tp,w;)} (1.8)
In Equation (1.8), V denotes the set of users, posts or information sources, E denotes the set
of time-stamped interactions, t, denotes the interaction time, and w;; denotes an optional
weight representing interaction strength, repeated exposure or influence. This representation is
the basis for reconstructing fake-news cascades from retweets, replies, comments, propagation
trees or other time-dependent platform traces.
A time-respecting path is a sequence of edges whose timestamps increase along the path. This
condition is essential for fake-news diffusion because information cannot flow backward in
time. Time-respecting paths also make it possible to distinguish the implemented temporal
cascade from optional path-memory extensions that would require richer ordered interaction
paths [13]-[15].
1.6.2 Information Cascades and Diffusion Dynamics
An information cascade is the temporally ordered set of interactions generated by a fake-news
item, related rumour, claim, URL or social-media post. Cascade analysis captures not only
whether fake news is shared, but also how it spreads. The most common descriptive properties
include final cascade size, depth, breadth, time to peak, maximum growth rate, inter-event time
and cascade lifetime [53], [54], [55].
Cascade depth indicates the longest chain of propagation from the original source to later users.
Cascade breadth indicates the number of users reached at comparable diffusion levels.
Spreading speed measures how quickly the cascade grows, while viral diffusion describes rapid
and large-scale propagation driven by repeated sharing, high centrality, emotional framing or
cross-community transmission. In this review chapter, these measures are introduced as
theoretical descriptors of diffusion; their operational extraction is specified in Chapter 2.
Figure 1.1 supports the temporal-network layer by showing how timestamped user interactions

are converted into cascade evidence for Chapter 3.
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Figure 1.1. Temporal fake-news cascade with time-ordered user states.

1.6.3 Community Structure and Echo Chambers

Community structure strongly affects fake-news diffusion. Users are often organized into
groups defined by political preference, language, geography, topic interest or platform
behaviour. Within these groups, homophily can increase repeated exposure to similar claims,
while polarization can reduce contact with corrective information. Echo chambers intensify
this effect by reinforcing content that is consistent with group identity and filtering out
opposing evidence [41], [16], [17].

The literature on online political communication shows that algorithmic ranking, selective
exposure and social reinforcement can shape what information users encounter [56], [57], [18].
In fake-news diffusion, this means that the same claim may behave differently across
communities: it may remain local inside a closed group, cross from one community to another
through bridge users, or become amplified when influencers and recommendation systems
increase visibility.

Influencer effects are especially relevant because highly central users can accelerate diffusion
even when the original content is weakly credible. Recommendation systems may also increase
exposure by repeatedly presenting related content, thereby creating indirect pathways that are
not always visible in the observed dataset. For this reason, community and influence measures
are not merely descriptive; they affect how temporal cascades should be interpreted and how
epidemic-style parameters should be estimated.

1.6.4 Temporal-Network Metrics

Temporal-network metrics quantify the structural and chronological conditions under which
fake news spreads. Centrality measures identify influential users, bridge nodes and repeated
amplifiers. Reachability measures how many users can be reached through valid temporal

paths. Temporal path measures evaluate whether a cascade can move across the network given
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the order of interactions, while diffusion efficiency measures how quickly information can
travel from one part of the network to another [58]-[65].

Path-memory temporal-network metrics can be useful when diffusion depends on previous
exposure, but they are treated in this dissertation as theoretical background rather than as an
implemented Chapter 3 component. A user may react differently depending on whether a claim
was received from a trusted peer, an influencer, a fact-checker or a highly polarized
community. Higher-order network models capture such dependencies by representing
transitions between edges rather than only transitions between nodes [13], [14], [66], [38].

In the present thesis, temporal-network approaches provide the theoretical bridge between
content-level fake-news detection and epidemic modelling. Transformer models estimate the
credibility of content, whereas directed temporal cascade networks describe how the detected
content moves through users and communities. Section 1.6 therefore remains theoretical and
literature-oriented; the operational construction of temporal cascades is developed in Section
2.5, while optional path-memory networks are retained only as future extensions.

Dynamic graph-learning work further supports this boundary. Temporal graph surveys,
Temporal Graph Networks, TGAT, DyRep and EvolveGCN all treat graphs as evolving event
sequences rather than fixed adjacency matrices, which is conceptually aligned with the thesis
decision to keep timestamps, directed interactions and time-respecting cascades central to
diffusion modelling [128]-[129], [153]-[155].

Although temporal graph-learning models such as Temporal Graph Networks, TGAT, DyRep
and EvolveGCN are relevant to dynamic graph representation learning, they are not adopted as
core experimental models in this dissertation. Their use typically requires richer user-level
graph histories, stable node and edge features, repeated temporal events, supervised graph-
learning objectives and substantially larger interaction datasets. The aim of this thesis is
different: it requires an interpretable temporal-network representation that preserves
timestamps, directed interactions and time-respecting cascades so that observable quantities
such as I ey (t), Ieum(t), cascade depth, time to peak and spreading rate can be mapped
directly into SIR/SEIZ modelling and ABC/ABC-SMC summary-statistic extraction.
Therefore, temporal-network representation is selected as the methodological bridge between
Transformer-based content detection and epidemic-parameter inference, while temporal graph
neural models are retained as related literature and future work [128]-[129], [153]-[155].
Recent benchmark work on temporal graph learning also shows that robust evaluation requires

standardized node- and edge-level tasks, large-scale event histories and reproducible temporal-
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graph protocols; this further supports treating temporal graph neural learning as a future
extension rather than the core epidemic-inference layer of this dissertation [184].

1.7 Epidemic and Fake-News Spreading Models

Epidemic and rumor-spreading models provide a theoretical language for analysing fake news
as a dynamic process of exposure, adoption, amplification, correction and decline. In this
perspective, the unit of analysis is not only the textual credibility of a news item, but also the
changing state of users and communities as the item circulates through a network. The models
reviewed in this section therefore complement the content-based detection methods discussed
earlier by explaining how fake-news cascades may grow, persist or disappear over time.

The epidemic analogy must be used critically. Biological infection and online information
sharing are not identical processes: human interpretation, platform ranking, selective exposure,
social identity and fact-checking all influence whether a user observes, accepts, rejects or
retransmits a claim. Nevertheless, compartmental models remain useful because they offer
interpretable states and parameters for describing diffusion, epidemic thresholds, delayed
adoption and the effect of correction mechanisms [31]-[35].

For this thesis, epidemic and fake-news spreading models are reviewed through a cross-
disciplinary literature base. Classical epidemic theory establishes the compartmental logic of
SI, SIS, SIR and SEIR models [31], while rumor-spreading theory formalizes how information
may stop spreading when users become stiflers or skeptics [32], [67]. Network science then
shows that epidemic thresholds, reachability and cascade size depend strongly on topology and
temporal ordering [70]-[72], [52]. Recent fake-news and misinformation studies extend this
foundation to social-media cascades, correction processes, and platform-mediated
amplification [34]-[35], [36], [37], [39].

Table 1.4 supports the epidemic-modelling layer by linking fake-news spreading concepts with
the compartments and parameters later evaluated in Chapter 3.

Table 1.4. Mapping between epidemic terminology and fake-news propagation.

Epidemic Disease Fake-news Observable proxy in social
concept interpretation interpretation data
Susceptible Individual who can be User who has not yet Follower relation,
infected engaged with the claim community membership,
but may be exposed timeline exposure
Exposed Individual  infected = User who has seen a @ View/impression when

but not yet infectious | claim but has not yet available; delayed reply; time

shared it lag before repost
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Infected Individual currently User actively spreading Retweet, repost, quote,
transmitting disease the claim comment, share
Recovered/Rem | Individual no longer @ User stops spreading, No further sharing after a
oved infectious loses interest, or correction or after cascade
becomes corrected decay
Skeptic Not standard in SIR; User exposed to the Debunking reply, correction,
used in rumor models = claim but not spreading non-engagement after
it, or exposure
rejecting/debunking it

1.7.1 Classical Epidemic Models

Classical epidemic models divide a population into compartments and describe how individuals
move between them over time. The SI, SIS, SIR and SEIR families are important because they
provide the basic mathematical vocabulary for later fake-news spreading models:
susceptibility, active spreading, recovery, repeated exposure and delayed activation.

The foundational SIR logic is associated with Kermack and McKendrick [31], while the role
of network topology in spreading thresholds and diffusion persistence is developed in the work
of Pastor-Satorras and Vespignani [71] and in the broader review of epidemic processes in
complex networks by Pastor-Satorras et al. [72]. These studies are essential for this thesis
because social platforms cannot be treated as homogeneous populations; central users, hubs
and community structure can change both the speed and reach of a fake-news cascade.

The adaptation of epidemic thinking to social behaviour and information diffusion is further
supported by Centola's online social-network experiment [74] and by Wang et al.'s study of
social contagions with memory of nonredundant information [75]. These works show that
online diffusion may depend on reinforcement, repeated exposure and memory effects. In this
thesis, such observations motivate directed temporal cascade representation and leave path-
memory extensions as future work rather than as implemented Chapter 3 experiments.

In fake-news and rumor contexts, Jin et al. modelled news and rumors on Twitter using
epidemiological concepts [33], while PLOS studies by Kauk et al. [36] and Murayama et al.
[39] demonstrate that fake-news spreading processes can be analysed through epidemic-style
dynamics. Therefore, SI, SIS and SEIR are retained as theoretical reference models, whereas
SIR and SEIZ are used as the main operational diffusion models because they provide an
interpretable balance between mathematical clarity and relevance to observable fake-news

cascades.
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Table 1.5 supports the epidemic-modelling layer by linking fake-news spreading concepts with

the compartments and parameters.

Table 1.5. Classical epidemic models and their interpretation for fake-news diffusion.

Model @ Core states Representative Fake-news Main strength and
literature interpretation limitation

SI S->1 Pastor-Satorras and Users move from Useful for  early
Vespignani [71]; potential exposure to = uncontrolled diffusion,
Pastor-Satorras et al. active spreading. but has no correction,
[72] forgetting or recovery

state.

SIS S>1->8S Pastor-Satorras et al. | Users may stop Useful for recurrent
[72] spreading and later | sharing, but does not

become susceptible  represent permanent
again after repeated | correction.
exposure.

SIR S->1->R Kermack and Users share fake Interpretable baseline
McKendrick [31]; Jin news and later stop, with transmission and
et al. [33]; Murayama @ forget, become recovery parameters,
et al. [39] corrected or are but no explicit

removed from the | exposure delay or
active cascade. skepticism.

SEIR S->E->1->R  Pastor-Satorras et al. Users may observe Captures exposure

[72]; Centola [74];
Wang et al. [75]

1.7.2 Rumor-Spreading Models

content before
deciding whether to

share it.

delay, but does not
explicitly represent
skeptical or debunking

behaviour.

Rumor-spreading models are important for the theoretical foundation of this thesis because
they describe the circulation of unverified information rather than biological infection. Unlike
classical disease models, rumor models explicitly include social communication, repeated
contact, loss of interest, contradiction and the possibility that a user stops spreading after
meeting someone who already knows or rejects the rumor [32], [67].

The Daley-Kendall model divides the population into three conceptual states: ignorants,
spreaders and stiflers. Ignorants have not yet heard the rumor; spreaders actively transmit it;

and stiflers know the rumor but no longer spread it. The transition from spreader to stifler
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occurs when a spreader contacts another spreader or stifler, because the interaction reduces
novelty and weakens the motivation to continue transmission. For fake-news diffusion, this
model is useful because it represents the decay of sharing activity after saturation, correction
or social challenge [32].

The Maki-Thompson model preserves the same broad logic but simplifies the contact
mechanism by assuming that spreading may cease when a spreader contacts someone who
already knows the rumor. It is often used as a mathematically convenient rumor model and
provides a bridge between epidemic-style compartmental modelling and communication-
driven diffusion. In the context of fake news, the Maki-Thompson formulation highlights that
the disappearance of a cascade may result not only from platform intervention, but also from
conversational saturation and user-level rejection [67].

These classical rumor models are valuable because they introduce social states that are closer
to fake-news behaviour than purely biological infection. However, they remain limited for
modern online platforms because they do not explicitly model algorithmic ranking, bots,
recommendation loops, fact-checking latency, cross-community amplification or hidden
exposure. These limitations motivate the use of temporal networks, SIR/SEIZ variants and
ABC-based uncertainty estimation in the proposed thesis framework.

Additional rumour and information-diffusion studies show why this limitation matters in online
settings: small-world rumour processes, complex-network rumour theory, influence
maximization, viral marketing, blogspace diffusion and outbreak-detection formulations all
demonstrate that cascade reach depends on network structure, seed placement, timing and
repeated exposure rather than only on message content [68]-[69], [156]-[159].

1.7.3 SIR-Based Fake-News Diffusion

The SIR model is retained as an interpretable baseline because it maps fake-news diffusion into
three modelling states: susceptible users, active spreaders and removed or corrected users. Its
main parameters are the transmission coefficient beta and the recovery/removal coefficient

gamma, while RO = beta/gamma summarizes early cascade growth under the homogeneous

approximation.
c=-£ (1.9)
LBy (1.10)
=y (1.11)

Equations (1.9)-(1.11) describe susceptible decline, active-spreader growth and removal, and

transition into the recovered, inactive or corrected state.
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Ro="> (1.12)

Equation (1.12) gives the homogeneous SIR reproduction number, interpreted here as the early-
stage spreading potential of one active fake-news spreader.

PriX;(t + 4t) =11 X;(t) = S] = 1 —exp{—pAt ¥; 4;; (O1[X;(0) = 1]} (1.13)
Equation (1.13) links SIR diffusion with a temporal network by making activation depend on
active neighbours and the time-varying adjacency structure A(t).

Figure 1.2 supports the epidemic-modelling layer by linking fake-news spreading concepts

with the compartments and parameters later evaluated in Chapter 3.
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Figure 1.2. SIR state-transition graph for fake-news diffusion.

1.7.4 SEIZ and Advanced Fake-News Models

SEIZ extends SIR by adding exposed users and skeptical or non-spreading users. This makes
it more suitable for fake-news cascades in which exposure, delayed adoption, questioning and
correction can occur before or instead of reposting.

The SEIZ states are modelling proxies rather than direct psychological measurements: reposts
indicate observable spreading, while silence or non-engagement cannot be equated directly

with belief or skepticism [33], [73].
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Figure 1.3. SEIZ state-transition graph for fake-news diffusion.
ds BSI  bSZ
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Equations (1.14)-(1.17) summarize immediate adoption, delayed adoption, skeptical influence
and correction. Thesis-specific content-aware SEIZ choices are defined in Chapter 2.

Table 1.6 supports the epidemic-modelling layer by linking fake-news spreading concepts with
the compartments and parameters later evaluated in Chapter 3.

Table 1.6. Main coefficients in SIR and SEIZ fake-news diffusion models.

Coefficient Model Meaning in fake-news Possible empirical proxy
diffusion

B SIR / SEIZ Transmission rate from Repost rate, exposure rate, edge
active spreaders to weight, influencer centrality
susceptible users

Y SIR / SEIZ Recovery, forgetting or Time until no further sharing;
stopping rate cascade decay

b SEIZ Contact rate between Replies by debunkers; corrective
susceptible users and interactions
skeptical users

p SEIZ Probability of direct adoption | Immediate repost probability after
after contact with a spreader | first exposure

1 SEIZ Probability of becoming Correction replies, fact-checking
skeptical after contact with exposure, non-engagement after
skeptics debunking

€ SEIZ Transition rate from exposed = Delay from exposure or reply to
to active spreading repost

p SEIZ Influence of active spreaders Repeated exposure; discussion
on exposed users threads that lead to adoption

) Advanced Correction or debunking rate = Warning labels, fact-checks, official

SEIZ corrections

1.7.5 Network-Based Epidemic Diffusion

Network-based epidemic diffusion extends compartmental modelling by

replacing
homogeneous mixing with structured contact. In online platforms, users are connected through
follower links, retweets, replies, mentions, comments, quote posts and community
membership. The probability of fake-news spread therefore depends not only on beta and

gamma, but also on network position, temporal ordering and repeated exposure.
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Scale-free and complex networks are especially important because highly connected users can
create many exposure opportunities. A fake-news item shared by a central user, influencer or
bridge node can cross communities more easily than the same item shared by a peripheral user.
Temporal diffusion adds another layer: a static path is not sufficient for transmission unless the
interactions occur in a valid chronological order.

For this reason, epidemic models used in fake-news research should be interpreted together
with temporal-network metrics such as reachability, time-respecting paths, cascade depth,
cascade breadth, spreading speed, centrality and community crossing. These metrics support
the transition from descriptive cascade analysis to parameter inference in later chapters.
Empirical misinformation studies also show that exposure and sharing may be highly
concentrated among specific users, platforms or polarized communities; this supports the thesis
use of user influence, community structure, early propagation paths and cross-platform
diffusion as contextual evidence rather than treating the population as homogeneous [60], [62]-
[64], [168]-[170], [174]-[175], [179].

1.7.6 Limitations of Epidemic Analogies

Although epidemic models are useful, their analogy with fake-news diffusion has important
limitations. Human behaviour is strategic, emotional and context-dependent. Users may share
content ironically, reject it silently, read it without reacting, or engage with it only because the
platform recommends it repeatedly. These processes are more complex than biological
infection and cannot be captured fully by a small number of compartments.

A second limitation is hidden exposure. Most datasets record visible actions such as reposts,
replies or comments, but they do not record all impressions, private messages, deleted posts or
recommendation-system exposures. As a result, the observed cascade is only a partial trace of
the underlying diffusion process. This makes fixed-parameter epidemic modelling vulnerable
to overconfidence.

A third limitation concerns algorithmic amplification and domain dependence. Platform
ranking systems, bots, coordinated behaviour and echo chambers may amplify fake news
independently of its intrinsic textual credibility. Epidemic models are therefore most useful
when they are combined with temporal-network analysis, Transformer-based content detection
and uncertainty-aware inference. This motivates the use of Approximate Bayesian
Computation in the following section.

1.8 Approximate Bayesian Computation for Diffusion Inference
Approximate Bayesian Computation (ABC) is a family of likelihood-free Bayesian methods

designed for models that can be simulated but whose likelihood function is unavailable,
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analytically intractable, or computationally expensive to evaluate. In the context of fake-news
diffusion, this distinction is essential: temporal cascades can be simulated under candidate
spreading parameters, but the exact probability of observing a particular cascade is difficult to
write because user exposure, private sharing, deletion, recommendation effects and belief
change are only partially observed [19]-[25].
This section reviews ABC as part of the theoretical foundation of the dissertation. It
intentionally avoids the detailed calibration workflow, prior design, distance functions,
posterior prediction and intervention methodology, because these elements are part of the
proposed methodological framework developed in Chapter 2. The purpose of the present
section is to explain why ABC and ABC-SMC are appropriate for stochastic epidemic and
social-network diffusion models, and what limitations remain in the literature.
1.8.1 Bayesian Inference and Intractable Likelihoods
Bayesian inference combines prior assumptions with observed data in order to estimate
posterior uncertainty over model parameters. For a fake-news spreading model, the parameter
vector may include transmission, recovery, exposure, skepticism and debunking rates. In
principle, the posterior distribution can be written as:

p(0 | Dops) x p(Dops | 6)p(6) (1.18)
In Equation (1.18), 0 denotes the unknown parameter vector and D, denotes the observed
cascade. The main difficulty is the likelihood term p(Dyys | 0). For temporal social-network
cascades, the observed data rarely contain every exposure event, every private transmission,
every deleted post, or every recommendation-driven view. Consequently, exact likelihood-
based inference can be unrealistic even when the underlying spreading process is conceptually
clear [24], [25], [76].
This problem places fake-news diffusion within the broader class of simulation-based inference
problems. Reviews of ABC and simulation-based inference emphasize that such methods are
useful when the forward simulator is available but the likelihood is not [23], [40], [26]. For the
present thesis, this means that SIR- and SEIZ-style fake-news models can be simulated on
temporal networks even when the complete probability model of the observed cascade cannot
be evaluated directly.
1.8.2 ABC for Stochastic Epidemic Models
The basic ABC idea is to sample parameters from a prior distribution, simulate data from the

model, compare simulated and observed data through summary statistics, and retain parameters
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that produce sufficiently similar simulations. In compact form, the ABC posterior
approximation can be expressed as:
Parc(8 | Dobs) o« p(BIPr{p(S(Dsim), S(Dovs)) < € 1 6} (1.19)

Equation (1.19) approximates the posterior by retaining parameter values whose simulated
summary statistics are close to the observed cascade under a distance function and tolerance
threshold. This is why ABC is relevant for stochastic epidemic models with difficult
likelihoods [24], [25].
For fake-news diffusion, ABC is therefore used as a principle for uncertainty-aware
comparison between observed and simulated cascades, not as a claim that hidden exposure or
belief change is fully observed.
1.8.3 ABC-SMC Methods
ABC-SMC improves basic rejection ABC by moving through particle populations with
decreasing tolerances, so later simulations concentrate on parameter regions that better
reproduce the observed cascade [21], [22]. A simplified tolerance sequence can be written as:

&> > >er, pr(0) =p(01p(SDsim), S(Dobs)) < er) (1.20)
Equation (1.20) states the principle of progressive approximation. Pesonen et al. emphasize
that future ABC applications require scalable simulation, careful summary-statistic design,
diagnostic checks and transparent uncertainty reporting; this supports the use of ABC-SMC as
an inference layer rather than a deterministic truth mechanism [77], [180].
1.8.4 ABC for Social-Network Diffusion
ABC is particularly relevant for social-network diffusion because information-spreading data
are incomplete by design. Social platforms may record posts, reposts, comments, quote posts,
replies and timestamps, but they rarely expose all impressions, algorithmic recommendations,
private messages or silent exposures. This creates a gap between the visible cascade and the
hidden diffusion mechanism. Network diffusion research has shown that reconstructing
transmission pathways is difficult even when adoption times are observable, because the
underlying influence network or exact sender-recipient pathway may be unknown [28].
Related work by Gomez-Rodriguez, Leskovec and Krause on inferring diffusion and influence
networks, and by Farajtabar et al. on joint information diffusion and network co-evolution,
demonstrates that information spread is not only a static graph problem but also a time-
dependent stochastic process [28], [29]. These ideas are important for the present thesis because
fake-news cascades require inference over both temporal structure and uncertain spreading

parameters. ABC offers a way to connect the two: simulated cascades can be compared with
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observed cascades through summary statistics such as final size, time to peak, cascade depth,
cascade breadth and spreading rate.

The literature also shows that false or misleading information can spread differently from
reliable information and that online diffusion may be shaped by social reinforcement, platform
structure and user behaviour [54], [53], [78]. This strengthens the motivation for combining
content-based fake-news detection with uncertainty-aware diffusion inference. ABC does not
solve annotation ambiguity or platform opacity by itself, but it provides a principled framework
for representing uncertainty when the observed cascade is only a partial proxy for the
underlying spreading process.

1.8.5 Challenges and Limitations of ABC

The first major limitation of ABC is summary-statistic selection. If the chosen statistics do not
preserve the information needed to identify the parameters, the resulting posterior may be
misleading. Work on semi-automatic ABC and dimension reduction emphasizes that summary
statistics are not a neutral technical detail; they determine what aspects of the data are used for
inference [79], [80]. In fake-news diffusion, cascade size alone is insufficient because two
cascades may have the same final size but different speeds, depths, community transitions or
correction dynamics.

The second limitation is identifiability. Different combinations of transmission, exposure,
recovery, skepticism and debunking parameters may produce similar visible cascades,
especially when exposure is hidden and timestamps are incomplete. The third limitation is
computational complexity: ABC requires repeated simulation, and simulation cost increases
when the model includes temporal networks, heterogeneous users, path-memory extensions or
intervention scenarios [25], [26], [27].

The fourth limitation is model misspecification. An ABC posterior is conditional on the
simulator used to generate synthetic cascades. If the SIR or SEIZ simulator omits important
platform mechanisms, coordinated behaviour or recommendation effects, the posterior may fit
observed summary statistics while still misrepresenting the causal process. Therefore, in this
dissertation, ABC is treated as an uncertainty-aware inference tool, not as a guarantee of
complete causal explanation. This review motivates the methodological choices developed in
Chapter 2, where ABC is operationalized for epidemic parameter inference from fake-news
temporal cascades.

The uncertainty interpretation is consistent with Bayesian and approximate Bayesian deep-
learning literature, where posterior or ensemble uncertainty is used to represent predictive

variability rather than a single deterministic truth. Dropout-as-Bayesian approximation, deep
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ensembles, Bayes-by-Backprop and SWAG therefore support the thesis distinction between
point predictions, posterior parameter regions and uncertainty-aware diffusion forecasts [130]-
[132], [165]-[167].

The literature review is therefore kept focused on concepts and methods that directly support
the implemented Transformer, temporal-network, SIR/SEIZ and ABC/ABC-SMC framework.
Detailed experimental material is reserved for the methodology and results chapters, where the
implemented datasets and modelling choices are defined explicitly.

1.9 Research Gaps and Open Problems

The reviewed literature demonstrates substantial progress in fake-news detection, temporal-
network analysis, epidemic spreading models and simulation-based Bayesian inference.
Nevertheless, these research directions remain only partially connected. The resulting gap is
not simply the absence of a single algorithm, but the absence of a coherent modelling structure
that links semantic credibility, temporal diffusion, parameter uncertainty and intervention-
oriented prediction. This section synthesizes the main open problems that motivate the
proposed framework developed in Chapter 2.

Building on Section 1.5, the proposed methodology does not include ensemble learning as a
central methodological component. Ensemble and hybrid systems remain part of the literature
review because they motivate robustness and calibration, but the operational detection layer in
this thesis is based on selected individual Transformer models. The only methodological
connection to the ensemble literature is the use of calibrated fake-news probability scores, so
that ps(x) = P(y = fake | x) can serve as a reliable content-risk signal for temporal-network
construction, SIR/SEIZ diffusion modelling and ABC/ABC-SMC inference.

1.9.1 Separation Between Detection and Diffusion

A first limitation is the persistent separation between content-level fake-news detection and
network-level diffusion analysis. Detection systems typically estimate whether a text, claim or
article is fake, while diffusion studies often analyse how information spreads without using
modern semantic credibility signals. This disconnect weakens early-warning capacity: a post
may have a high fake-news probability but limited diffusion potential, whereas another post
with moderate textual uncertainty may become socially harmful if it reaches influential users
or polarized communities early in the cascade. A complete risk model therefore has to connect

content risk with spread risk rather than treating them as independent outputs.
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1.9.2 Temporal-Network Limitations

A second open problem concerns the simplification of social diffusion through static graph
representations. Aggregated graphs are useful for describing general connectivity, but they
remove the chronological order of interactions. Fake-news propagation depends on time-
respecting paths, interaction delays, user activity bursts and repeated exposures across
communities. Static representations may therefore suggest diffusion paths that are impossible
in time, or they may hide early cross-community transitions that explain rapid cascade growth.
Temporal and higher-order network representations are necessary for modelling fake-news
diffusion as a dynamic process rather than as a static topology.

1.9.3 Uncertainty of Epidemic Parameters

A third gap is the uncertainty of epidemic-style parameters. SIR and SEIZ models require
transmission, exposure, recovery, skepticism and debunking coefficients, but these quantities
are rarely directly observable in social-network data. A repost is visible, but silent exposure,
private sharing, recommendation-system exposure, reading without engagement and belief
change are usually hidden. Consequently, fixed-parameter diffusion models may produce
apparently precise results while underrepresenting uncertainty. ABC and ABC-SMC address
this limitation by estimating posterior parameter distributions from simulated and observed
cascade summaries, but their integration with Transformer-based fake-news detection remains
underdeveloped.

1.9.4 Dataset and Annotation Limitations

A fourth limitation is dataset and annotation fragmentation. Content-oriented datasets provide
labels and text but often lack user-level temporal interactions. Diffusion-oriented datasets
provide propagation structures but may have weaker content labels, incomplete hydration,
missing timestamps or rumour-oriented labels that do not correspond exactly to fake/real news
classification. Annotation ambiguity further complicates evaluation because doubtful, partially
false, satirical and evolving claims may be collapsed into binary categories. These issues show
that dataset construction is not only a technical preprocessing problem; it is a methodological
problem that affects model validity, reproducibility and generalization.

Existing benchmark datasets remain fragmented. Some datasets are strong for textual fake-
news classification, while others are useful for temporal diffusion and propagation analysis.
However, few datasets simultaneously provide reliable fake/real labels, full textual content,
temporal interactions, cascade structure, fact-checking signals, and user-level diffusion traces.
This limitation motivates the proposed integrated framework, which combines content-based

Transformer detection with temporal-network, SIR/SEIZ, and ABC-based diffusion inference.
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1.9.5 Lack of Intervention-Oriented Frameworks
A fifth gap is the limited connection between prediction and actionable intervention modelling.
Many detection systems return a label or probability score, and many diffusion models estimate
cascade growth, but practical mitigation requires asking how fact-checking, warning labels,
visibility reduction, debunking responses or early containment may change future spread.
Intervention analysis requires uncertainty-aware counterfactual simulation, because the effect
of an intervention depends on temporal position, user influence, cascade phase and unknown
epidemic parameters. Existing work often treats these components separately, which limits its
usefulness for decision support.
1.9.6 Motivation for the Proposed Thesis
The synthesis of these gaps motivates the central direction of this dissertation: fake-news
analysis should combine content-level detection, temporal-network diffusion, epidemic-state
modelling and Bayesian uncertainty estimation. The integrated perspective can be summarized
conceptually by combining a content-risk component with a cascade-risk component:

R(x,C) = aP(fake | x) + (1 — a)®(C,G,0) (1.21)
In Equation (1.21), R(x,C) denotes conceptual integrated risk, P(fake|x) denotes the fake-news
probability estimated from textual content x, C denotes the observed temporal cascade, G
denotes the temporal network, 6 denotes uncertain epidemic parameters and ®(.) denotes a
normalized diffusion-risk function derived from cascade and network properties. The equation
1s retained as a compact conceptual expression of the research gap; the operational modelling
choices, calibration procedures and intervention scenarios are developed in Chapter 2.
Synthesis Statement 1.8.1 (Need for integrated detection-diffusion inference). If two fake-
news items have similar content-level fake-news probabilities but different temporal-network
positions and epidemic parameters, then content classification alone cannot determine which
item has higher diffusion risk. Conversely, if two cascades have similar early sizes but different
content credibility probabilities, diffusion modelling alone cannot determine which cascade
should be prioritized for fact-checking or mitigation.
The purpose of this synthesis statement is to clarify why the thesis cannot be reduced either to
a Transformer classifier or to an epidemic simulator. The proposed framework must jointly
consider what the content is, where it appears in the network, how it spreads over time, and
how uncertain the diffusion parameters are.
Figure 1.4 supports the content-detection layer of the framework by identifying how textual

evidence is prepared or interpreted before diffusion analysis.

51



K. Vula: Transformer-Based Detection and Epidemic-Model Analysis of Fake-News Dynamics on Social Network

h

Research—gap map and proposed Transformer—ABC-Epidemic integration

Detection and
diffusion are
treated separately

Static graphs

lose temporal
order

Epidemic

parameters are
uncertain

N N
Transformer Temporal SIR / SEIZ
detection cascades models
p‘,(x) = P(y = fake | x) Licw(2)s Loum(t) baseline and main
Eiisoind diffusion

content-risk signal

time-stamped edges

mechanisms

 Gapd4 p

Datasets support
different evidence
layers

4
ABC / ABC-SM(

posterior
parameters

credible intervals

Prediction is
weakly linked to
intervention

Forecast &
scenarios

posterior
prediction

intervention ranking

p. > i ;= >

h 4

Integrated Transformer—ABC—-Epidemic framework
Combines semantic fake-news probability, temporal-network amplification, epidemic-state
modelling, posterior uncertainty, short-horizon forecasting and counterfactual intervention analysis.

Figure 1.4. Research-gap map and proposed Transformer-ABC-Epidemic integration.

1.9.7 Research Questions Derived from the Literature Gaps

The literature gaps identified in Sections 1.9.1-1.9.6 lead to the following research questions,
which guide the methodology in Chapter 2 and the experimental evidence in Chapter 3:

RQ1. How effectively can Transformer models classify fake and real news across short-text,
long-text, multilingual and low-resource datasets?

RQ2. How can fake-news claims be represented as temporal cascades suitable for epidemic-
style modelling?

RQ3. Does SEIZ provide a more suitable representation than SIR for fake-news diffusion when
exposure delay and skepticism are relevant?

RQ4. Can ABC and ABC-SMC estimate uncertainty in fake-news diffusion parameters from
partially observed cascades?

RQS5. Can a combined Transformer-temporal-network-ABC framework support posterior
prediction and intervention-oriented fake-news risk analysis?

1.9.8 Research Gap, Methodological Response and Expected Evidence

Table 1.7 makes the traceability between the literature gaps, the Chapter 2 methodology and
the Chapter 3 evidence explicit.

This traceability table clarifies that the dissertation does not add independent methods only for
coverage. Each methodological component is retained because it answers a specific gap and
produces evidence that can be evaluated in the results chapter.

Table 1.7. Research gaps, methodological responses and expected evidence.
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Research gap Methodological Expected evidence in | Contribution to the
response in Chapter 2 | Chapter 3 dissertation
Detection and  Use Transformer fake- Detection metrics, Connects content
diffusion are often news probability as a claim-level credibility with
treated separately. content-risk signal and = probabilities and diffusion-risk analysis.
link it to temporal cascade eligibility
cascade construction. outputs.
Static graphs can Represent claims as | Iow(t) , I.um(t) . | Preserves the
hide time-respecting directed temporal = cascade size, time to  chronology required

diffusion paths. cascades with ordered peak and temporal- forfake-news diffusion
interactions and time- network figures. modelling.
indexed spreading
curves.
SIR/SEIZ Estimate  parameter Posterior  estimates, Provides uncertainty-
parameters are uncertainty through credible intervals and aware epidemic-model
uncertain and only ABC and ABC-SMC posterior  predictive inference for fake-
partially observable. = using observed cascade = calibration. news cascades.
summaries.
Content datasets and = Separate content- = Distinct detection | Improves
diffusion datasets | oriented datasets from | experiments and | methodological
support different @ diffusion-oriented diffusion experiments | validity and prevents
forms of evidence. datasets and define @ with non- | unsupported  dataset
explicit dataset roles. interchangeable claims.

dataset use.

Mitigation analysis Use posterior = Forecasts, intervention —Supports intervention-

requires more than prediction and = scenarios and baseline oriented reasoning

classification labels. counterfactual diffusion-risk from the integrated
intervention scenarios = functional outputs. framework.

under ABC-calibrated

diffusion models.

1.10 Chapter Conclusion

This chapter reviewed the theoretical foundations required for the dissertation. It showed that
fake-news research has developed through several complementary directions: conceptual
definitions and annotation theory, classical machine learning, Transformer-based text
classification, contextual ensemble and hybrid approaches, temporal-network diffusion,

epidemic-state modelling and likelihood-free Bayesian inference.
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The synthesis developed in this chapter shows that the main limitation of existing research is
not the absence of strong individual techniques. Rather, the limitation is the insufficient
integration of techniques that operate at different analytical levels. This motivates the
dissertation framework, which connects Transformer-based detection, temporal-network

cascade construction, SIR/SEIZ diffusion modelling and ABC/ABC-SMC uncertainty-aware

inference.

Table 1.8. Compact synthesis of reviewed literature and relevance to the proposed thesis.

Literature Main strength Remaining limitation = Relevance to this thesis

direction

Fake-news Clarifies fake, Labels may be Motivates careful binary

definitions and doubtful, subjective, incomplete mapping and discussion of

annotation misleading and or unstable over time. = annotation ambiguity.
related concepts.

Classical machine | Interpretable, Limited contextual | Provides historical

learning efficient and useful | understanding and | background and
as baseline weak transfer under @ explainable = comparison
methodology. domain shift. points.

Transformer-based = Captures contextual Requires computation, Forms the main content-

detection semantics and data quality and detection layer of the
supports probability = domain adaptation. proposed framework.
scoring.

Probability Supports  reliable = Does not replace the = Motivates use of calibrated

calibration and | interpretation of ' need for temporal Transformer probability as

robustness model scores and | diffusion modelling. an input to the diffusion-
cross-dataset risk layer.
stability.

Temporal-network Preserves ordering, Often  disconnected Supports cascade

analysis delays and time- from content construction and temporal
respecting paths. credibility labels. diffusion and path-memory

features.

Epidemic and rumor | Represent Human behaviour and | Provides SIR and SEIZ

models spreading  states, | hidden exposure are foundations for fake-news
thresholds and | only approximated. propagation analysis.

cascade dynamics.
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ABC and ABC-SMC = Estimates uncertain = Sensitive to = Enables uncertainty-aware

inference parameters when summaries, calibration of SIR/SEIZ
likelihoods are identifiability and = diffusion models.
intractable. computational cost.

Intervention- Connects prediction | Often absent from Motivates posterior

oriented modelling | with mitigation | standard detection- | prediction and intervention
strategies. only approaches. analysis in Chapter 2.

ABC provides this calibration only when it is connected to observable content signals, temporal
cascades and epidemic-state assumptions.

The review has established that fake-news analysis requires more than isolated textual
classification. It has shown that content-based detection, fake-news temporal diffusion
modelling, epidemic-state representation, and uncertainty-aware Bayesian inference address
complementary aspects of the same problem. At the same time, the reviewed literature also
demonstrates that existing approaches remain limited by the separation between detection and
diffusion, the simplification of dynamic social interactions into static graphs, the uncertainty
of epidemic parameters, the incomplete alignment between content datasets and cascade
datasets, and the limited ability of many systems to support intervention-oriented analysis.
These limitations justify the need for a new integrated model. The proposed dissertation
framework therefore aims to connect Transformer-based fake-news probability estimation with
temporal-network representation, SIR/SEIZ spreading dynamics, and ABC/ABC-SMC
parameter inference. This synthesis directly leads to the dissertation goal and research tasks: to
develop, implement, and evaluate an integrated Transformer—ABC—Epidemic framework for
fake-news detection, diffusion modelling, uncertainty-aware prediction, and intervention

analysis.

> The goal of the dissertation is:

To develop and evaluate an integrated framework for fake-news detection and diffusion
analysis on social networks by combining Transformer-based language models, temporal-
network representation, SIR/SEIZ epidemic modelling, and Approximate Bayesian
Computation for uncertainty-aware parameter inference. The dissertation aims to analyse fake
news not only as a textual classification problem, but also as a dynamic diffusion process in
which false or misleading content spreads through time-dependent social interactions.

The goal encompasses the analysis of existing research methodologies for fake-news detection,

temporal-network diffusion, epidemic-style propagation modelling, and likelihood-free
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Bayesian inference. It is interconnected with the development of a hybrid Transformer—ABC—
Epidemic framework, where Transformer models provide content-level fake-news probability
scores, temporal networks represent the structure and timing of social spread, SIR and SEIZ
models describe diffusion behaviour, and ABC/ABC-SMC methods estimate uncertain
epidemic parameters from partially observed cascades. The objective is to provide a
reproducible and interpretable framework that supports fake-news classification, cascade
modelling, posterior prediction, uncertainty-aware analysis, and intervention-oriented scenario
evaluation.

In this regard, the goal of the dissertation is addressed through the following research tasks:
Task 1: To evaluate the state of the art in fake-news detection, temporal-network analysis,
epidemic-style information diffusion, and Approximate Bayesian Computation, emphasizing
their relevance to social-network misinformation analysis.

Task 2: To analyse existing fake-news datasets and distinguish between content-based datasets
suitable for Transformer classification and diffusion-oriented datasets suitable for temporal
cascade reconstruction, SIR/SEIZ modelling, and ABC/ABC-SMC inference.

Task 3: To implement and evaluate a Transformer-based binary fake-news detection layer
using models such as BERT, RoBERTa, BigBird, mBERT, and XLM-RoBERTa across short-
text, long-text, healthcare-related, English, and low-resource Albanian fake-news datasets.
Task 4: To construct directed temporal fake-news cascades from social-network interaction
data and extract key diffusion quantities, including new active spreaders, cumulative active
spreaders, cascade size, time to peak, and temporal-network structure.

Task 5: To compare SIR and SEIZ epidemic models for fake-news diffusion modelling and
determine whether exposed and skeptic/non-spreading states provide a more suitable
representation of fake-news propagation than a simpler SIR baseline.

Task 6: To apply ABC and ABC-SMC methods for uncertainty-aware inference of epidemic
diffusion parameters from partially observed fake-news cascades, including posterior
parameter estimation, credible intervals, posterior predictive validation, and short-horizon
forecasting.

Task 7: To integrate Transformer fake-news probability, temporal-network amplification,
SEIZ-based diffusion modelling, and ABC-SMC posterior predictive growth into a Baseline
Posterior Fake-News Diffusion-Risk Functional, and to use the calibrated framework for
cautious counterfactual intervention scenario analysis.

Through these tasks, the dissertation demonstrates that fake-news analysis should move beyond

isolated classification accuracy and should instead be studied as an integrated content-to-
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cascade process involving textual credibility, temporal diffusion, epidemic-state modelling,
posterior uncertainty, and intervention-oriented reasoning.

Chapter 2. Proposed Models and Methodology develops this framework in operational form.
It defines the data layer, Transformer-based detection layer, temporal-network representation,
SIR and SEIZ diffusion models, ABC/ABC-SMC inference procedure, posterior prediction

strategy, and intervention-oriented methodology used in the remainder of the dissertation.
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Chapter 2. Proposed Transformer—ABC-
Epidemic Framework and Methodology.

2.1 Overall Proposed Framework

This chapter presents the proposed model and methodology of the dissertation. Its purpose is
to transform the theoretical foundations reviewed in Chapter 1 into an operational research
framework for detecting fake news, reconstructing temporal cascades, modelling diffusion and
estimating uncertain parameters.

The proposed framework is organized into four connected layers. The first layer is the data
layer, where content-based and diffusion-oriented datasets are selected, cleaned, harmonized
and represented. The second layer is the Transformer-based binary detection layer, where
models such as BERT, RoBERTa, mBERT, XLM-RoBERTa, SBERT and BigBird generate
fake-news probability scores. The third layer is the temporal-network and epidemic modelling
layer, where directed temporal cascades are mapped to SIR and SEIZ states. The fourth layer
is the ABC inference layer, where uncertain diffusion parameters are estimated from observed
cascade summaries.

The proposed methodology uses single Transformer and classical ML baselines rather than
voting or stacking combinations. The operational pipeline therefore uses the Transformer
output as a model-estimated content-risk probability, ps(x) = P(y = fake | x), for the later
temporal diffusion layer. When validation behaviour supports calibration, this score can be
interpreted as a calibrated probability; otherwise it is treated as a risk score that must not be
confused with ground truth.

The methodological contribution is not a simple sequence of independent models. Instead, the
framework links content risk with diffusion risk: Transformer outputs are used as content-level
signals, temporal networks describe how information moves through users and communities,
SIR and SEIZ represent spreading dynamics, and ABC/ABC-SMC quantifies uncertainty in
the estimated epidemic parameters.

The chapter also defines dataset selection, preprocessing, binary label harmonization, temporal
cascade construction, network representation, temporal cascade network modelling, ethical
handling of social-network data and evaluation methodology.

Table 2.1. Methodological traceability matrix for the implemented thesis framework.

Research question Methodological Dataset type Chapter 3 evidence or

/ objective component output
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RQ1: binary fake-
news detection
across text types
and languages

RQ2:

cascade

temporal

representation of

fake-news claims

RQ3: SIR versus
SEIZ diffusion

modelling

RQ4: uncertainty-
aware  epidemic
parameter
inference
RQS5: posterior
prediction and
intervention

analysis

BERT, RoBERTa,
BigBird, mBERT,
XLM-RoBERTa and
classical baselines
Timestamp
normalization,
directed
Inew(t) , Ieum () and

cascade features

edges,

SIR baseline and SEIZ

state  mapping for
active spreading,
exposure and
skepticism

ABC and ABC-SMC
posterior inference
using observed
cascade summaries

Posterior  predictive
simulation, short-
horizon  forecasting
and counterfactual

parameter perturbation

Constraint@AAAI2021,
FRN, ISOT, CoAID and
Albanian Fake News

Corpus

COVID-19  Twitter/X
cascade,  Hoaxy /
OSoMeNet, Hoaxy-
imported cascade and
synthetic Albanian
cascade

Principal empirical fake-

news cascades

Empirical diffusion-

oriented cascades

Empirical cascades with

extracted time series

Algorithm 2.1. Transformer-ABC-Epidemic pipeline.

Input:

and documented preprocessing rules.

content-based fake-news datasets,

Accuracy,

recall, Fl-score, ROC-

precision,

AUC and error analysis

Cascade size, depth,
breadth, time to peak and

temporal-network graphs

Fitted spreading curves,
compartment trajectories

and model-comparison

tables

Posterior estimates,
credible intervals,
convergence and

calibration summaries
Forecast outputs,
intervention  scenarios
and baseline diffusion-

risk functional evidence

diffusion-oriented cascade records

1. Clean textual fields and harmonize labels into an auditable binary

fake/real representation.

2. Tokenize content according to the

evaluate the binary detection layer.

selected Transformer family and

3. Extract or record the model-estimated fake-news probability prD for

eligible claims.

4. Preserve

timestamps,

user

or

source-target

identifiers,

cascade

identifiers and action types for diffusion-oriented records.

5. Construct directed temporal

network summary statistics.

cascades

and compute Ilhew(t),

Ieom(t) and
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6. Fit SIR and SEIZ diffusion models to the empirical spreading curves.
7. Run ABC and ABC-SMC inference using observed cascade summaries and
simulator-generated trajectories.

8. Generate posterior predictive curves, short-horizon forecasts and
counterfactual intervention scenarios.

Output: classification evidence, cascade representation, epidemic parameter
estimates, posterior uncertainty and intervention-oriented diffusion-risk

analysis.

2.2 Dataset Selection Criteria

Dataset selection is a critical methodological stage because it determines the validity,
reproducibility, and interpretability of the experiments carried out in this thesis. The revised
thesis is binary-focused at the experimental level: the main detection task is the classification
of news items as fake or real. Multiclass and doubtful-news classification are retained as
background concepts in the literature review, but they are not treated as the main experimental
contribution. Therefore, the selected datasets must primarily support reliable binary fake-news
detection and, where possible, temporal-network modelling for SIR, SEIZ, ABC, and ABC-
SMC analysis.

The dataset strategy follows the revised four-chapter organization of the thesis. Chapter 2
defines the empirical foundation and methodology, while Chapter 3 reports the real
experimental results for binary Transformer-based detection, temporal cascade construction,
epidemic modelling and Bayesian inference. The selection criteria therefore separate datasets
appropriate for supervised text classification from datasets appropriate for reconstruction of
social-network diffusion.

For content-based binary fake-news detection, a suitable dataset should contain labelled textual
content, a transparent annotation or fact-checking procedure, sufficient representation of fake
and real classes, stable train-validation-test partitions, and adequate coverage of topic domain,
text length, and language. In the binary-focused version of this thesis, the principal content-
oriented datasets are Constraint@AAAI2021 for COVID-19 misinformation, FRN for long-
form fake and real news, ISOT for large-scale binary fake-news benchmarking, CoAID for
COVID-19 health-related fake news, and the Albanian Fake News Corpus for low-resource
multilingual evaluation [30], [81]-[84], [85].

For diffusion-oriented analysis, dataset requirements are stricter. SIR, SEIZ, ABC and ABC-
SMC modelling require observable temporal signals, user interactions, cascade membership

and network structure. The retained Chapter 3 diffusion layer therefore uses the COVID-19
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real Twitter/X “The coronavirus is not only affecting the way we live, it’s also dramatically
affecting the way we die.” fake-news claim cascade, the Hoaxy / OSoMeNet political fake-
news claim cascade, the Hoaxy-imported social fake-news claim “Should One Tweet End a
Career?”, and the synthetic Albanian temporal cascade. These datasets are retained because
they support time-windowed spreading curves, directed user-to-user relationships and the
Ihew(t) and Iy, (t) quantities required for SEIZ and ABC/ABC-SMC modelling [90], [86]-
[89].

Dataset documentation is also treated as a selection criterion. A dataset should make clear how
the data were collected, how labels were assigned, what biases may exist, how the data may be
accessed, and which ethical or platform restrictions apply. Documentation is essential in fake-
news research because a poorly described dataset may lead to unreliable label interpretation,
weak reproducibility, inappropriate generalization, or ethically problematic handling of user-
level social-network records [91]-[94]. This selection logic follows datasheet and data-card
principles, in which each dataset is documented by provenance, intended use, label
construction, access constraints, ethical limits and known limitations [91], [185].

This documentation requirement is reinforced by recent dataset and misinformation reviews,
including dataset-assessment surveys and social-media disinformation reviews, which show
that text, labels, social context and temporal traces are unevenly available across fake-news
corpora and COVID-19 multilingual/multimodal repositories [5], [113]-[114], [140]-[142].
Figure 2.1 clarifies how the selected data source is represented in the thesis and why it is

suitable for the implemented detection or diffusion layer.

Content datasets Transformer
Constraint, FRN, ISOT, »  detection layer
CoAID, Albanian corpus p_f(x)
SIR / SEIZ
diffusion modelling
Diffusion datasets L
COVID-19 cascade, Hoaxy, Temporal neltwork
Should One Tweet End a Career?, construction ‘
Synthetic Albanian cascade paths + cascades

ABC / ABC-SMC
parameter inference

Chapter 3 experiments and discussion
classification, diffusion, posterior prediction, interventions

Figure 2.1. Dataset and methodology selection logic for the four-chapter Transformer-ABC-Epidemic

framework.
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In addition to the qualitative criteria in Table 2.2, a simple suitability score can be used as a

guiding rubric. The score is not intended to replace expert judgement; rather, it helps compare

datasets according to the requirements of binary detection and diffusion modelling.

Table 2.2. Dataset selection criteria and relevance to the proposed binary-focused thesis framework.

Criterion Selection requirement Role in binary | Role in diffusion / ABC
detection
Label and text Reliable fake/real labels and = Required for Defines which cascades are
quality accessible text, title, claim, supervised training treated as misinformation or
post, or article content. and model @ reliable content.
comparison.
Binary class | Sufficient representation of Improves Fl-score, Avoids modelling only the
balance fake and real classes, or a | precision, recall, and | largest or most visible fake-
documented imbalance | error analysis. news cascades.
strategy.
Domain, Coverage of health, politics, = Supports cross- Enables comparison of
language, and general news, long articles, domain, long-text, diffusion behaviour across
length short posts, and low- and multilingual ~misinformation domains.
resource languages. Transformer
evaluation.
Temporal Publication time, tweet time, = Useful for early- Essential for  cascade
information retweet delay, reply time, or | detection growth, time-to-peak, and
event chronology. experiments. posterior prediction.
Interaction Retweets, replies, reposts, Can be wused as Required for temporal
and cascade comments, propagation =metadata when | networks, state transitions,
structure trees, or user-engagement labels and text are and SIR/SEIZ calibration.
records. available.
Ethics and | Licensing, privacy | Ensures responsible | Ensures responsible use of
reproducibility | constraints, platform policy,  use of labels and temporal-network and user-

Q(D) = Xy wi Ck(D),

anonymization, and dataset

documentation.

text.

k € {text, label, binary, time, network, ethics}

level data.

2.1)

In Equation (2.1), Q(D) represents the overall suitability score of dataset D. The term Cyey: (D)
measures textual availability and quality; Ciapei(D) measures label reliability; Cpinary (D)
measures compatibility with the binary fake/real task; Cgpne(D) measures temporal

information; Cperwork(D) measures whether user interactions or cascades can be
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reconstructed; and Cepies (D) measures documentation, access, privacy, and responsible-use

constraints. The weights can be adjusted depending on whether the experiment is primarily a

Transformer detection experiment or a diffusion-inference experiment.

Datasets were selected according to text quality, label reliability, temporal information,

diffusion suitability and reproducibility constraints. The supplementary suitability

classification is provided in Appendix F.

2.3 Principal Datasets

2.3.1 Content-Based Datasets for Transformer Detection

This section briefly introduces the datasets used in the dissertation and their methodological

role.

The content-oriented datasets support the Transformer fake-news detection layer.

Constraint@AAAI2021 provides short COVID-related misinformation examples suitable for

evaluating Transformer models on short social-media texts and social-media-style

classification. Its short and noisy social-media style also reflects realistic pandemic-

information conditions. FRN and ISOT provide larger collections of fake and real news articles

with different document lengths. CoAID focuses on health misinformation, while the Albanian

Fake News Corpus supports multilingual evaluation in a low-resource setting.

Table 2.3. Comparative overview of principal binary content-based datasets used in the thesis.
Dataset Key characteristics Main use in this thesis

Constraint@AAAI2021 COVID misinformation, Binary fake-news detection in a crisis-

short text information setting.

FRN general fake/real Long-text fake-news detection and
classification BigBird evaluation.

ISOT long-form news articles Large-scale binary benchmarking and

cross-domain robustness testing.

CoAID COVID-related content Healthcare misinformation detection and
partial social-context analysis.

Albanian Corpus low-resource language Multilingual Transformer evaluation in a

low-resource setting.
2.3.2 Diffusion-Oriented Datasets for Temporal Cascade Modelling
Section 2.3.2 briefly introduces the diffusion-oriented datasets used in Chapter 3. The retained
datasets are: the COVID-19 real Twitter/X “The coronavirus is not only affecting the way we
live, it’s also dramatically affecting the way we die.” fake-news claim cascade; the Hoaxy /

OSoMeNet “Three million votes in the Presidential Election were cast by illegal aliens.” fake-
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news claim cascade; the Hoaxy-imported “Should One Tweet End a Career?” social fake-news
claim cascade; and the synthetic Albanian fake-news claim “Shqipéria do t€ presé 100 mijé
palestinezé nga Gaza.” These datasets provide timestamped user-to-user or claim-level records
for directed temporal cascades, Iyew(t), Icum(t), SIR/SEIZ inputs and ABC/ABC-SMC
summaries. Detailed descriptions, filtering rules and extended metadata are provided in
Appendix D.

2.3.3 Summary of Dataset Roles

The selected datasets are intentionally divided into content and diffusion groups. Section 2.3.2
presents four different datasets that are related to diffusion-oriented analysis. This prevents the
methodological error of assuming that all fake-news datasets are equally suitable for both
classification and epidemic modelling. Data augmentation through back-translation and
controlled paraphrasing was used only for training support. Detailed dataset descriptions,
dataset cards, and extended metadata are provided in Appendix F.

2.4 Data Preprocessing and Experimental Preparation

Data preprocessing is a central methodological step in this dissertation because the proposed
framework combines binary fake-news detection with temporal-network diffusion modelling
and ABC-based inference. The purpose of preprocessing is not only to clean textual inputs for
Transformer-based classifiers, but also to preserve the interaction and timestamp information
required for later cascade construction. Therefore, preprocessing is treated as an operational
bridge between the dataset descriptions in Section 2.3 and the Chapter 3 experiments on
Transformer-based detection, temporal cascade construction, SIR/SEIZ diffusion modelling
and ABC/ABC-SMC posterior inference.

The revised thesis direction adopts binary fake/real classification as the main experimental
detection task. Multiclass and doubtful-news classification remain relevant in the literature
review, but they are not treated as the principal experimental contribution. The preprocessing
design therefore has two coordinated outputs: content-ready records for Transformer-based
fake-news detection and diffusion-ready records in which user identifiers, timestamps,
interactions and cascade identifiers are preserved for temporal modelling.

A single preprocessing policy is applied throughout this section. Ambiguous labels such as
unverified are excluded from the main binary experiments and used only in sensitivity analysis.
Generated or augmented examples are restricted to the training subset to prevent leakage into
validation or test data. This policy is stated once here to avoid repetition across the subsection-

level descriptions.
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Table 2.4 shows that preprocessing is not a uniform text-cleaning operation. It is a
methodological layer that prepares two different forms of evidence: content evidence for binary
detection and temporal evidence for diffusion modelling.
Table 2.4. Preprocessing objectives for binary fake-news detection and temporal diffusion analysis.
Preprocessing objective = Relevant datasets Methodological purpose
Text reliability Constraint@AAAI2021, Remove textual noise while preserving
FRN, ISOT, CoAlID, credibility signals for binary classification.
Albanian Fake News

Corpus
Label consistency All content-based = Map heterogeneous labels into a common
datasets fake/real representation for Chapter 3
experiments.

Long-text readiness FRN and ISOT Prepare long-form articles for Transformer
input, including BigBird or window-based
strategies.

Low-resource Albanian Fake News | Preserve  Albanian-specific  characters,

normalization Corpus named entities and local vocabulary for
multilingual Transformers.

Temporal integrity Diffusion-oriented Preserve timestamps, event order and user-

datasets interaction structure for cascade
construction.

Reproducibility and All datasets Document cleaning, split and augmentation

leakage prevention rules so that experimental results can be
reproduced.

2.4.1 Text Cleaning and Normalization

Text cleaning and normalization are required because fake-news datasets are collected from
heterogeneous sources, including social-media posts, fact-checking sites, online news articles,
Twitter/X records and low-resource language corpora. Such data may contain duplicates,
broken links, usernames, hashtags, emojis, irregular punctuation, inconsistent casing,
incomplete fields and platform-specific metadata. These characteristics are common in online
and social-media language, which is often informal and noisy [86], [87].

The goal of cleaning is not to remove all irregularity from the data. Some irregular elements
may carry important information: a URL can indicate a linked article, a hashtag can signal a
topic or campaign, and repeated punctuation can reflect sensational framing. Therefore, this

thesis applies conservative cleaning: irrelevant noise is removed or standardized, while
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credibility-related and diffusion-related signals are preserved when they may support

modelling [86], [88], [89].

Table 2.5 is retained in compact form because it states the main cleaning decisions that affect

both Transformer input quality and diffusion-record integrity. More detailed dataset-specific

cleaning rules are implementation details and should be stored in supplementary appendices

rather than repeated in the main methodology.

Table 2.5. Core text cleaning and normalization operations retained in the main methodology.
Operation Treatment Reason

Duplicate and empty- Remove exact duplicates and Prevents inflated performance and

text control empty essential text fields. invalid training records.
URL, mention and Standardize rather than | Preserves topic, source and
hashtag handling automatically delete when the | platform signals.

token may carry credibility or
diffusion meaning.
Punctuation and casing Normalize excessive punctuation Improves tokenization without
normalization and casing while preserving removing stylistic evidence.
sentence boundaries.
Language-specific Preserve Albanian characters | Maintains low-resource language

character preservation | such as € and ¢. information.
2.4.2 Label Harmonization
Binary label mapping is necessary because the selected content datasets use heterogeneous
annotation schemes. Some datasets provide explicit fake and real classes, while others contain
credibility or claim-type labels that must be mapped cautiously. The harmonized binary label
is used only for binary content-based detection; the original label is retained as metadata so
that the mapping remains auditable [81], [83].

1, iftheitem is fake-news-oriented,

0, ifthe item is real orreliable. (2.2)

Ybin = {
In Equation (2.2), ypi, denotes the harmonized binary target used in the Transformer detection
experiments. The mapping does not erase the original dataset label; instead, the original label
is preserved as raw-label metadata. This prevents a methodological error in which uncertain,
auxiliary or diffusion-specific labels are treated as if they were identical to standard fake/real
classification labels.
Table 2.6 keeps only the mapping logic required in the main text. Ambiguous labels such as

unverified are excluded from the main binary experiments and retained only for sensitivity
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analysis. Generated examples inherit labels only inside the training subset, preventing train-
test leakage.

Table 2.6. Compact binary mapping examples retained in the main methodology.

Dataset Original labels Binary mapping
Constraint@AAAI2021 fake / real fake -> 1; real -> 0

ISOT Fake.csv / True.csv Fake.csv -> 1; True.csv -> 0
Hoaxy / OSoMeNet claim and fact checking retweet -claim-> 1 ; fact checking->0

records claim can be treated as

misinformation-oriented;

fact checking as corrective/reliable in

diffusion analysis
Figure 2.2 shows how raw dataset labels are transformed into a harmonized binary target while
preserving the original label metadata. This workflow connects the dataset descriptions with
the Transformer detection experiments without assuming that every dataset label has the same

evidential meaning.

Raw labels — Mapping rules -> Binary label -> Split control —» | Model-ready data

Figure 2.2. Binary label mapping and dataset harmonization workflow.
2.4.3 Tokenization and Transformer Input Preparation
After cleaning and label harmonization, textual records are converted into model-ready inputs
using the tokenizer associated with each Transformer architecture. Tokenization is the point at
which cleaned text becomes numerical model input. It must therefore preserve enough textual
information for fake-news detection while respecting the sequence limits and input format of
the selected model family.

Tokenizer,,(x;) — (input_ids;, attention_mask;, ...) (2.3)
In Equation (2.3), Tokenizer,, denotes the tokenizer associated with model family m, x; is the
cleaned text record, input_ids; is the sequence of subword identifiers, and attention_mask;
marks valid input positions. Model-specific technical details such as token type ids, dynamic
padding, special token handling, [CLS], [SEP] and truncation variants are moved to Appendix
F because they are implementation specifications rather than core methodological arguments.
Figure 2.3 presents the transformation from cleaned text to Transformer-ready input. The figure
is retained because it clarifies where text preprocessing ends and model-specific input

preparation begins.
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Clean text - Model tokenizer | =» |Subword encoding | —» Attention mask | =» | Transformer input

Figure 2.3. Transformer tokenization and model-input preparation workflow.

Long texts such as FRN and ISOT were processed using BigBird or window-based strategies,
whereas short social-media texts were tokenized directly after cleaning and normalization.
Padding, truncation and attention-mask policies followed the tokenizer associated with each
Transformer model. The model-ready schema and tokenizer quality-control checklist are
moved to Appendix F to keep the methodology focused and avoid unnecessary implementation
detail in the main text.

Table 2.7. Tokenization strategy by model family.

Model family Main tokenizer logic Use in this dissertation
BERT / mBERT WordPiece tokenization with fixed Short and medium-length fake-
maximum sequence length. news detection, including

multilingual support.

RoBERTa/XLM-R | Byte-level BPE or SentencePiece- | Robust subword handling for

style subword modelling. noisy or multilingual text.
BigBird Sparse-attention long-sequence input. | Long-form article-style datasets
such as FRN.

2.4.4 Handling Noisy and Imbalanced Data

Noise and class imbalance are treated as methodological risks rather than minor
implementation issues. Noise sources include textual artefacts, duplicates, incomplete records
and uncertain labels. Ambiguous samples are excluded from the main binary experiments and
retained only for sensitivity analysis. This rule prevents noisy records from being forced into

the fake/real target space [100].

R (D) — max(nfake Nreal) (24)

Min(Mfake Mreal)
Equation (2.4) defines the class-imbalance ratio for a binary dataset D, where ng, ke and nyey)
denote the number of fake and real examples. A value close to 1 indicates approximate balance,
while higher values indicate stronger imbalance. This ratio guides whether class weighting,
controlled augmentation or imbalance-aware evaluation should be used [101].
Lwgce = —[wyylog(p) + wo(1 — y)log(1 — p)] (2.5)
Equation (2.5) gives a weighted binary cross-entropy objective that can be used when

imbalance is substantial. The weights w; and w, compensate for class-frequency differences,
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while p denotes the predicted fake-news probability. This objective is treated as a training
option rather than as a mandatory choice for every dataset.

Figure 2.4 presents the workflow used to identify noise sources and class imbalance before
binary Transformer training. The workflow supports stable training while preserving a clear

separation between original evidence and training-only augmentation.

Data audit - Noise filtering - Imbalance ratio | =» | Training strategy | =+ |Evaluation metrics

Figure 2.4. Workflow for handling noisy and imbalanced binary fake-news data.

Table 2.8 is compressed from a longer list of strategies into the three decisions that are most
relevant for the dissertation. More detailed noise, imbalance and quality-control tables are
better placed in Appendix F because they document implementation choices rather than define
the core methodology.

Table 2.8. Compact strategy set for noisy and imbalanced binary fake-news data.

Strategy Use

Class-weighted loss Default option when class imbalance is visible.
Controlled augmentation Training-support option for low-resource settings only.
Macro-F1 and PR-AUC  Evaluation options that reduce over-reliance on accuracy.
evaluation

When imbalance becomes severe, focal loss and related hard-example objectives may be
considered as robustness checks, but they are not used to replace transparent reporting of class
distribution, fake-class recall, macro-F1 and probability calibration [101].

Low-resource Albanian text preparation

The Albanian Fake News Corpus is included to evaluate whether the Transformer detection
layer can operate in a low-resource and multilingual setting. Albanian preprocessing requires
particular care because excessive normalization may remove language-specific characters,
named entities or local political vocabulary. The thesis therefore preserves Albanian
orthography, including € and ¢, as the primary textual representation [84], [85], [98], [120].
Low-resource preparation follows three compact stages. The first stage verifies encoding,
duplicate records and text completeness. The second stage applies conservative content
cleaning while preserving Albanian-specific vocabulary and named entities. The third stage
prepares the text for multilingual Transformer tokenization using mBERT or XLM-R, both of
which are suitable for cross-lingual subword modelling [9], [11], [119], [120].
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Figure 2.5 shows the reduced Albanian preprocessing workflow. The workflow emphasizes
preservation of language-specific information, controlled cleaning and compatibility with

multilingual Transformer tokenizers.

Raw Albanian text | =»Orthography preservgd=» [Controlled cleaning| = [mBERT/XLM-R input{ =—» | Training support

Figure 2.5. Low-resource Albanian fake-news preprocessing workflow for multilingual Transformer
input.

Only one compact Albanian preprocessing table is retained in the main text. The previous
separate multilingual Transformer preparation table is removed to avoid repetition, and the
Albanian quality-control checklist is moved to Appendix F.

Table 2.9. Compact Albanian preprocessing challenges and responses.

Challenge Recommended response Reason

Language-specific Preserve € and ¢; avoid forced @ Prevents loss of Albanian

characters ASCII conversion. orthographic information.

Local names and political Retain named entities and local Maintains domain-specific

vocabulary terms. credibility cues.

Small dataset size Use controlled augmentation only = Supports  training  without
inside training data. altering test evidence.

General non-standard-word normalization and short-text normalization research also supports
the conservative cleaning policy adopted here: normalization can reduce noise, but excessive
normalization can remove credibility cues, named entities or negation markers that are
important for fake-news classification [99], [112].

2.4.5 Preprocessing Workflow

Diffusion-oriented preprocessing is included only to define the bridge from raw interaction
records to later temporal cascade construction. It does not duplicate the temporal-network
methodology. The task at this stage is to retain claim identifiers, user identifiers, timestamps,
interaction fields and quality flags so that Section 2.6 can construct temporal cascades, directed
edges and infected-time series for SIR/SEIZ and ABC/ABC-SMC analysis.

For diffusion-oriented datasets, cleaning is deliberately less aggressive than in pure text
classification. User identifiers, timestamps, retweet or interaction relations, and cascade
membership must be preserved even when the associated text is incomplete. Missing

timestamps, unavailable tweets and inconsistent user identifiers are assigned quality flags
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rather than silently removed. This preserves reproducibility and prevents artificial changes in
cascade size.

Figure 2.6 presents the shortened diffusion-oriented preprocessing workflow. It shows that the
output of this stage is not the final temporal network, but a quality-controlled event layer that

becomes input for temporal cascade construction.

Raw interactions | —» Quality flags - Timestamps —» | Cascade records | =» | Section 2.6 input

Figure 2.6. Preprocessing workflow for diffusion-oriented data before temporal cascade construction.
Table 2.10 is retained because it defines the minimum diffusion-ready output required by the
later modelling stages. Dataset-specific diffusion schemas, quality-control decisions and state-
proxy mappings are moved to the appendices to avoid repeating the same pipeline logic in both
preprocessing and temporal cascade construction sections.

Table 2.10. Main objectives of preprocessing diffusion-oriented data.

Objective Methodological role

Preserve cascade identity Ensures that each event remains attached to its fake-news claim
or thread.

Preserve users and | Allows directed source-target relations to be constructed later.

interactions

Preserve timestamps Supports temporal ordering, Iew(t), Icum (t), SIR/SEIZ fitting

and ABC distance calculation.
Assign quality flags Documents missing, duplicated or inconsistent records without

silently changing the evidence.

The final output of Section 2.4 is therefore a pair of coordinated model-ready representations.
The first is a content-ready representation for Transformer-based binary fake-news detection.
The second is a diffusion-ready representation in which claim labels, user identifiers,
timestamps and directed interactions are preserved for temporal cascade construction. This
separation supports the central logic of the dissertation without turning preprocessing into a
stand-alone implementation textbook.

Methodological transition to Chapter 3 experiments

The preprocessing design also protects the empirical interpretation of the author-generated
results reported in Chapter 3. For content-based datasets, the cleaned and harmonized records
enter the Transformer and classical machine-learning experiments as binary fake/real

examples. The preprocessing layer therefore determines whether reported classification metrics
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reflect model behaviour rather than artefacts of inconsistent labels, duplicated text, broken
records or uncontrolled augmentation. For diffusion-oriented datasets, the same stage has a
different objective: it must preserve the interaction fields that are later required to build
temporal cascades. This distinction is important because the thesis does not treat a cleaned
news article and a timestamped user-to-user interaction as equivalent methodological objects
[86], [89].

A second reason for keeping preprocessing as a separate methodological layer is leakage
control. Generated or augmented records are restricted to the training subset, and validation
and test subsets remain grounded in original dataset records. This rule applies to English and
Albanian content-based datasets and prevents artificial examples from inflating reported
detection performance. In the diffusion-oriented layer, leakage control has a temporal meaning:
later events cannot be used to construct earlier cascade features. Preserving this chronological
boundary is necessary for the out-of-sample forecasting and ABC/ABC-SMC posterior
prediction steps in Chapter 3.

The quality-control material placed in Appendix F should therefore be read as supporting
documentation for the compact methodology in this section. The main text retains only the
operations that explain the logic of the experimental pipeline, while the appendix preserves
implementation schemas, checklists and tokenizer-specific details. This organization keeps
Section 2.4 focused on the methodological argument while still allowing the experiments to be
audited and reproduced. The result is a balanced preprocessing design: sufficiently detailed for
PhD-level transparency, but not overloaded with implementation tables that would interrupt
the progression from datasets to temporal cascade construction.

Finally, the two outputs of preprocessing are intentionally synchronized. The content-ready
output produces a probability-based detection signal, while the diffusion-ready output
preserves the time-indexed interaction structure used to compute cascade features. When these
two outputs are interpreted together, the dissertation can move from a textual fake-news
judgement to a model-ready representation of how a fake-news claim spreads. This is the
reason why preprocessing is placed before temporal cascade construction: it creates the
common evidential foundation for Transformer detection, temporal-network analysis,
SIR/SEIZ modelling and ABC/ABC-SMC posterior inference.

2.5 Temporal Cascade Construction and Network Representation
Section 2.5 defines how the retained diffusion-oriented records are transformed into model-
ready temporal cascades. The methodology specifies how timestamped claim-level events will

be preprocessed, how directed temporal networks will be constructed, and how cascade
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features will be extracted for SIR/SEIZ diffusion modelling and ABC/ABC-SMC inference.
The purpose is methodological: this section defines the operational representation used by the
empirical work rather than repeating the results reported later in the thesis. The representation
follows temporal-network principles and prior empirical studies of online misinformation
diffusion, where the timing and direction of interactions are essential for distinguishing static
connectivity from observable spreading dynamics [52]-[55].
Temporal-network representation is selected instead of temporal graph neural architectures
because the dissertation requires interpretable cascade reconstruction and epidemic-parameter
inference rather than learned dynamic node embeddings or link-prediction models. The
available diffusion-oriented datasets provide timestamped interactions and cascade traces
suitable for time-respecting paths, Inew (), Icum (t), SIR/SEIZ state mapping and ABC/ABC-
SMC inference. Temporal graph neural models such as TGN, TGAT, DyRep and EvolveGCN
are therefore treated as future extensions that would require richer user-level temporal graph
data, stable node and edge attributes and additional supervised graph-learning objectives [128]-
[129], [153]-[155].
A temporal cascade is treated as a chronologically ordered sequence of observable interactions
associated with the same fake-news claim, rumour, source post, URL or external item. Each
event preserves a source node, a target node, a timestamp, an action type, a cascade identifier
and, where available, a label or claim type. Cascades support both descriptive analysis (size,
depth and time-to-peak) and inferential tasks (SIR/SEIZ calibration and ABC summary
extraction).
The basic event representation is defined as follows:

ex = (Us, Ug, i, Qg, o, Vi) (2.6)
In Equation (2.6), u, denotes the source or previous node, u, denotes the target or responding
node, t; is the event time, a; is the observed action type, c is the cascade or fake-news claim
identifier, and y, is the available technical label such as claim, covid fake claim or
fact checking. This representation keeps content labels and temporal evidence connected
without treating all records as equivalent to epidemic states.
Figure 2.7 presents the operational sequence used to transform diffusion-oriented data into
modelling inputs. Raw records are standardized, grouped by fake-news claim or source item,
ordered by timestamp, converted into directed cascades and summarized for SIR/SEIZ and

ABC/ABC-SMC analysis.
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Raw Standardize Group by

"~ Sort by Build cascade Extract
records fields item / claim

time | tree / graph summaries

Model-ready SIR / SEIZ ABC / ABC-SMC
temporal cascades state mapping summary statistics

Figure 2.7. Temporal cascade construction workflow from diffusion-oriented records to model-ready
cascades.

2.5.1 Cascade Preprocessing

Cascade preprocessing begins by filtering each diffusion-oriented dataset to the fake-news
claim or external item under analysis and by preserving only the fields required for temporal
reconstruction. In the COVID-19 real Twitter/X dataset, the operational fake-news cascade is
obtained from rows with site type =covid fake claim. In the Hoaxy / OSoMeNet datasets, the
retained records are claim-scoped retweet interactions for the political fake-news claim “Three
million votes in the Presidential Election were cast by illegal aliens.” and the social fake-news
claim “Should One Tweet End a Career?”. The synthetic Albanian fake-news claim is retained
only as a validation and simulation case for the low-resource temporal pipeline. Detailed
dataset-specific field mappings remain in Appendix D.

For a fake-news claim c, the cascade is represented as:

Ce = (Voo EL %0, Yoo oy (x0)) @7
In Equation (2.7), V. is the set of users or source nodes involved in the cascade, EY is the set of
directed time-stamped interactions, x is the associated textual fake-news claim or article, y,
is the harmonized claim label, and ps(x.) is the Transformer-based fake-news probability used
as a content-risk signal in the broader framework.
Table 2.11 defines the minimal temporal-network objects used by the methodology. It keeps
the representation sufficiently general for the retained Twitter/X, Hoaxy / OSoMeNet and
synthetic Albanian cascades, while also restricting the modelling layer to observable events
and timestamps.
Table 2.11. Core elements of the temporal-network representation.

Element Definition in this thesis = Example Use in later

modelling
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Node

Directed edge

Timestamp

Weight

Cascade

identifier

A user, post, source claim,
article or reaction

depending on the dataset.

A time-ordered
interaction from a source
node to a target node.

The time at which an
interaction occurs or the

delay from the source

event.
A value  measuring
interaction strength,

frequency or relevance.

A label linking all events
belonging to the same
fake-news claim or source

item.

Twitter/X user in Hoaxy;

source tweet in a retweet

Defines the units that

can become

cascade. susceptible, exposed,
spreading, recovered
or skeptical in
epidemic
interpretation.

from_user id -> | Represents possible

to_user_id in retweet data. | information-

transmission paths.

tweet created at in  Allows temporal
Twitter/X or Hoaxy-style ordering, time-to-
records. peak analysis and
time-respecting paths.
Number of retweets | Supports  weighted
between two users or diffusion modelling
repeated interactions. and  user-influence
analysis.
Claim ID, source tweet or = Groups events for
external item label. cascade-level
statistics and ABC

summary features.

Table 2.12 brings the unified diffusion-oriented schema into the main methodology because it

explains how raw interaction records become model-ready cascade records. The same schema

also keeps detailed reproducibility information compatible with the supplementary

preprocessing tables in Appendix D.

Table 2.12. Unified model-ready schema for diffusion-oriented records.

Field

cascade id

source

target

Definition

Identifier linking all records that

belong to the same fake-news claim

or source item.

Originating user, source post, article

or previous node.

Receiving, reposting, replying or

interacting user/node.

Required role in the thesis

Groups records before feature extraction

and SIR/SEIZ preparation.

Defines the starting side of a directed
temporal edge.
Defines the activated or affected side of a

directed temporal edge.
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time Timestamp or relative event time. Allows chronological ordering and
construction of time-respecting cascades.
action_type Observed interaction type, such as Supports interpretation of spreading,
retweet, reply, repost, claim or fact- exposure or correction proxies.
checking record.
claim_label Technical dataset value such as claim, = Maintains the distinction between fake-
covid_fake claim or fact checking. | news claim rows and auxiliary/corrective
rOWS.
text_or_title | Textual claim, article title or external- Links the temporal cascade to the
item description when available. Transformer-based content layer.
2.5.2 Temporal Network Construction
After cascade preprocessing, each claim-level event sequence is converted into a directed
temporal network. Nodes represent users or source objects, while edges represent observed
interactions ordered by time. Edge direction follows the observable flow of interaction; for
example, a retweet-style edge is oriented from the source or retweeted user to the user who
amplifies the item. Observable interactions are treated as behavioral proxies rather than direct
latent belief states. This design is consistent with temporal-network methodology, where an
interaction is meaningful for diffusion analysis only when its direction and event time are
preserved [52], [55].
Figure 2.8 visualizes the basic network objects used in the temporal-cascade layer. The purpose
of the representation is not to infer private belief directly, but to preserve the observable
structure needed for diffusion modelling: users or posts as nodes, interactions as directed edges,

timestamps as ordering constraints and weights as repeated or stronger interactions.

retweet
w=2, t3
—
share ¥
w=3, t1 "~~~ correction
w=1, t5

\ reply debunk /
w=1, t2 w=2, t6
comment /
w=1,t4 _g

content spread

user amplification correction/debunking

Figure 2.8. Illustration of nodes, directed edges, weights, and timestamps in a fake-news diffusion
network.

The validity of a propagation path depends on temporal order. A path is accepted only if the

timestamps increase along the sequence of edges:
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P = [(ug,uq, t1), e, Uy Uy E) ], 1 <ty < <t (2.8)

Equation (2.8) prevents impossible information-flow paths that can appear after static
aggregation. It also ensures that cascade depth, breadth, time to peak, inter-event time and time-
respecting reachability are computed from temporally valid events.

Figure 2.9 clarifies why the methodology uses temporal representation for diffusion analysis.
Static aggregation can summarize that users interacted during the observation window, but it
does not preserve the order in which a fake-news claim moves through the network. Temporal
representation is therefore required for cascade reconstruction, SIR/SEIZ input construction

and ABC/ABC-SMC summary statistics.

Static aggregation Temporal representation

tl t2 t3

G O ONO)
© ©

All interactions collapsed Only time-respecting paths
into one aggregate graph can support diffusion

Figure 2.9. Difference between static network aggregation and temporal-network representation.
Table 2.13 formalizes the methodological reason for using temporal networks. The retained

diffusion datasets are not used only to identify whether interactions occurred; they are used to
reconstruct the order of activation that later generates I, ey (t), Icum(t), model fitting and
posterior predictive analysis.

Table 2.13. Comparison between static and temporal network representations.

Aspect Static network Temporal network Implication for this
thesis
Edge An edge exists if an An edge exists at a Temporal networks are

interpretation  interaction occurs at least specific time or time more suitable for cascade

once during the = interval. reconstruction and
observation window. diffusion timing.

Path validity | All connected paths may  Only time-respecting =Prevents impossible
appear valid after | paths are valid. information-flow paths.
aggregation.
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Useful features Degree, density, Inter-event time, time Temporal features support
clustering and to peak and time- SIR/SEIZ simulation and
communities. respecting ABC summary statistics.

reachability.

Limitation Loses the order of events. = Requires accurate | Temporal modelling is

timestamps and event more demanding but more
ordering. realistic for fake-news
spread.
Figure 2.10 provides the only main-text visualization of user influence and community spread
in this methodology section. Influential users, bridge nodes, local communities and fact-
checking or corrective actors are interpreted as structural positions in the observed network,

while detailed network-property tables are retained in Appendix D.

Community A Community B

Thicker edges indicate stronger or repeated interactions; bridge nodes connect communities and affect diffusion reach.

Figure 2.10. Illustration of user influence and community spread in a weighted temporal fake-news
diffusion network.

A compact influence measure used in the temporal-network layer is the weighted outgoing
activity of a user:

Sout(1) = Zj Xt Wij ) (2.9)
where s5,,,(i) represents the weighted outgoing activity of user i and w;;(t) is the weight of
the interaction from user i to user j at time t. This measure supports the identification of users
who repeatedly amplify a fake-news claim through observable interactions.

A second compact measure is the cross-community spread ratio:

R = —2ross (2.10)

Etotal

where E_ss 1S the number of cascade edges connecting different communities and E;¢, 1S the

total number of cascade edges. The ratio is used as a structural indicator of whether a fake-
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news claim remains localized or moves across communities. Centrality and community
detection are treated as established network-analysis tools, while their detailed theoretical
background is retained in the literature review and Appendix E [53], [S58]-[61].

2.5.3 Cascade Features for SIR/SEIZ/ABC

The final output of temporal cascade construction is a set of cascade features and infected-time
series that can be used by the epidemic and ABC layers. The methodology extracts both
descriptive features and model-ready summaries. Descriptive features characterize the
observed fake-news cascade, while inferential features provide the quantities compared with
SIR/SEIZ simulations during ABC and ABC-SMC calibration.

The two central temporal activation measures are I oy (t) and Iy, (t). Inew (t) is the number
of new unique active spreaders observed in a given time window, while I,y (t) is the
cumulative number of unique active spreaders observed up to that time. These two quantities
form the direct bridge between temporal-network construction and epidemic-model fitting.
This bridge is important because ABC and ABC-SMC later compare simulated and observed
spreading curves through summary statistics rather than through a closed-form likelihood [76],
[106].

Table 2.14 summarizes the cascade features retained for downstream modelling. The table
separates the quantities that describe the observed cascade from the quantities that can be used
as ABC summary statistics, making the connection between temporal-network construction
and SIR/SEIZ calibration explicit.

Table 2.14. Cascade features for SIR/SEIZ/ABC summary extraction.

Feature

Cascade size

Definition

Total number of participating nodes or

unique active spreaders.

Use in SIR/SEIZ/ABC

Used to compare final epidemic size

and posterior predictive saturation.

Iew () Number of newly active unique | Used as the observed infected-time
spreaders in time window t. increment for diffusion dynamics.

Ieym () Cumulative number of unique active Used as the main cumulative curve
spreaders up to time t. for model fitting and forecasting.

Time to peak Time between cascade start and | Supports ABC summary statistics

Inter-event time

maximum ey ().

Time gaps between consecutive events

and timing comparison.

Describes burstiness and delayed

in the cascade. activation.
Reach and Number of users or branches reached =Supports descriptive comparison
breadth by the cascade. and posterior predictive checking.
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Weighted Temporal sum of outgoing edge Identifies influential spreaders and

outgoing activity  weights for each user. possible relay hubs.

Cross-community | Share of edges crossing community = Summarizes  structural  spread

ratio boundaries. beyond the initial community.
When the cascade is passed to the epidemic layer, the directed temporal cascade network for a
fake-news claim c is defined as follows:

Gl = (V. ED) 2.11)

In Equation (2.11), GI denotes the directed temporal cascade network associated with fake-
news claim c. The set /. contains the users, source accounts or source objects that appear as
nodes in the cascade. The set E! contains the directed time-stamped interactions observed for
the same claim, where an edge may be written as (u_i, u_j, t, w;; (1)) to indicate an interaction
from node u_i to node u_j at time t with optional weight w;;(t). The superscript T indicates
that the edge set is time-indexed and temporally ordered; it is not used as a matrix transpose.
This formulation provides the formal object from which I,y (t), I.um(t), cascade-level
features and SIR/SEIZ inputs are derived [52]-[55], [76].
The ordered activations of target users generate I e, (t) and Iy, (t), while network properties
such as weighted outgoing activity and community crossing provide optional structural
summaries. At this stage, retweets, replies, reposts and fact-checking records are not interpreted
as direct observations of latent belief. They are observable proxies that support modelling
assumptions and posterior comparison.
The methodological boundary of Section 2.5 is intentionally narrow. The dissertation does not
implement memory-dependent temporal-network models as empirical components. Instead, it
uses directed temporal cascades because they are supported by the retained datasets and
connect directly to the experimental pipeline: temporal-network visualization, I,ey (t),
Ieum (), SIR/SEIZ fitting, ABC/ABC-SMC posterior inference and short-horizon predictive
evaluation. More complex path-memory approaches remain possible future extensions rather

than unvalidated components of the implemented methodology [52], [76].

2.6 SIR/SEIZ, ABC/ABC-SMC and Posterior Prediction
Methodology

Section 2.6 defines the epidemic-modelling and posterior-inference layer of the proposed
Transformer-ABC-Epidemic framework. The previous methodological stages define the
cleaned textual inputs, the claim-level temporal cascades, the directed interaction structure and

the temporal activation measures used in the empirical analysis. The present section explains
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how those outputs are converted into SIR and SEIZ diffusion models, how uncertain
parameters are inferred with Approximate Bayesian Computation (ABC) and ABC-SMC, and
how posterior samples are used for predictive simulation, short-horizon forecasting and
counterfactual scenario reasoning.

The main methodological difficulty is that fake-news cascades are only partially observed.
Platform records show visible posts, reposts, replies, timestamps, user-to-user edges and
sometimes correction or fact-checking events. They do not reveal every exposure, every non-
response, every private share or every user decision not to spread. For this reason, the likelihood
of the full observed cascade under a stochastic epidemic model is not available in closed form.
This is the same type of problem for which likelihood-free methods such as ABC have been
developed in population genetics, stochastic epidemic modelling and simulation-based
inference [19], [22]-[26].

Within this dissertation, ABC is used as an inferential layer rather than as a replacement for the
epidemic simulator. Transformer models supply the content-risk signal, the temporal cascade
supplies the observed diffusion summaries, SIR and SEIZ define the mechanistic simulators,
and ABC/ABC-SMC estimates the posterior parameter regions that can reproduce the observed
fake-news claim trajectories. This structure is consistent with the use of epidemic and rumour-
spreading models for online information diffusion [31]-[36], temporal-network studies of
misinformation [52], [54], and the author's related work on temporal fake-news networks,
SIR/SEIZ comparison and BigBird-assisted SEIZ/ABC modelling [86]-[89].

Figure 2.11 summarizes the operational role of ABC in the dissertation. The observed temporal
cascade is not used to compute a closed-form likelihood. Instead, prior parameter values are
sampled, synthetic SIR/SEIZ cascades are generated, summary statistics are compared with the
observed cascade, and accepted simulations approximate the posterior distribution of
parameters capable of reproducing the fake-news spreading trajectory. The figure therefore
links the observed cascade layer of Section 2.5 with the posterior-inference results reported in

Chapter 3.

Observed Sample Simulate Compare Accept /
cascade priors SIR/SEIZ summaries reject

Figure 2.11. ABC workflow for calibrating fake-news epidemic parameters from temporal cascades.

samples

Posterior ]

81



K. Vula: Transformer-Based Detection and Epidemic-Model Analysis of Fake-News Dynamics on Social Network

2.6.1 SIR Baseline Model
The SIR model is retained as the baseline epidemic representation because it provides the
simplest interpretable mapping from social exposure to active spreading and then to inactivity.
In the fake-news setting, susceptible users are those who have not yet actively spread the fake-
news claim, infected users are active spreaders during the observation window, and recovered
or removed users are those who no longer contribute new spreading events. This interpretation
follows the classical epidemic model introduced by Kermack and McKendrick [31], while
adapting the compartments to information diffusion rather than biological infection.
The baseline parameter vector is written as:
Osir = (B, v, 1o) (2.12)

In Equation (2.12), B is the transmission or spreading coefficient, y is the recovery, forgetting
or stopping coefficient, and Io is the initial active-spreader seed. SIR is useful for benchmarking
because it tests whether the observed cumulative spreading curve can be explained with only
transmission and recovery dynamics. However, fake-news diffusion often includes delayed
exposure, hesitation, skepticism, fact-checking and non-spreading behaviour. These
mechanisms motivate the use of SEIZ as the main model while preserving SIR as a transparent
baseline in Chapter 3.
2.6.2 SEIZ Main Diffusion Model
SEIZ is selected as the main diffusion model because it is better aligned with fake-news
dynamics than the simpler SIR baseline. The exposed state represents users who have
encountered the fake-news claim but have not yet become active spreaders. The skeptic or non-
spreading state represents users who reject, ignore, question or are corrected about the claim.
This distinction is important because fake-news spreading is not an immediate homogeneous
transmission process: users may observe the claim, hesitate, verify, encounter corrections, or
stop before spreading. The model is therefore more compatible with misinformation and
rumour-spreading settings than an immediate infection-only model [32]-[36].
The SEIZ parameter vector used in the methodology is defined as:

Oserz = (B, b,p,L,p, €,7,68,50, Eo, Lo, Zo) (2.13)
In Equation (2.13), B is the rate at which active spreaders influence susceptible users, b
represents contact or influence involving skeptical users, p is the probability of immediate
adoption after exposure, | is the probability of becoming skeptical or non-spreading, p captures
interaction between exposed and active-spreading states, € is the transition rate from exposed

to active spreading, y is the recovery or stopping rate, and 0 is the correction, debunking or
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removal-related parameter used in the modified fake-news interpretation. The initial conditions
So, Eo, Io and Zo define the starting state of the simulated cascade.
The SEIZ formulation is not introduced as a new epidemic model in this dissertation. Its
methodological role is to provide a mechanistic structure that can represent exposed and
skeptical/non-spreading states, while ABC and ABC-SMC estimate which parameter regions
are compatible with the observed temporal fake-news cascades. This distinction is important
for the logic of the thesis: the contribution is the integrated detection-diffusion-inference
framework, not the invention of a separate epidemic compartment model.
2.6.3 ABC Inference
Let D,ps denote the observed fake-news cascade and let 6 denote the epidemic parameter
vector. In a standard Bayesian formulation, the posterior distribution is proportional to the
product of the likelihood and the prior:
P(6 | Dops) < p(Dobs | 6)p(6) (2.14)

The difficulty in Equation (2.14) is the likelihood term p(Dgyys | 0). For a fake-news cascade,
this term would require the probability of the observed sequence of user activations, inter-event
times, reposts, corrections and hidden non-responses. Because these elements are not fully
observed and are not easily represented by a closed-form probability model, ABC replaces
likelihood evaluation with simulation and summary-statistic comparison [19], [23]-[26].

PaBc(0 | Dobs) X p(6)f 1{p(Ssim, Sobs) < &3P (Dsim | 6) dDsim (2.15)
In Equation (2.15), Dy, is a simulated cascade generated by the SIR or SEIZ simulator, S(D)
is a vector of summary statistics, p is a distance function and ¢ is the ABC tolerance threshold.
A simulated parameter value is accepted when the distance between simulated and observed
summaries is sufficiently small. The accepted parameter values approximate the posterior
distribution over epidemic parameters that can reproduce the observed fake-news spreading
pattern.
Table 2.15 is retained in the main methodology because prior ranges define the parameter space
explored by ABC and ABC-SMC. The table also clarifies that the parameters are interpreted
for fake-news propagation rather than for biological disease transmission. More detailed
supplementary parameter and summary-statistic tables are placed in Appendix D.3 so that
Section 2.6 remains focused on the operational inference logic.

Table 2.15. Candidate prior distributions for ABC-based inference of fake-news epidemic parameters.

Parameter | Model Prior example Interpretation in fake-news propagation
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B SIR/SEIZ Uniform(0.01, 0.80) = Baseline rate at which active spreaders
influence susceptible users.

v SIR/SEIZ Uniform(0.01, 0.50) | Rate at which spreaders stop sharing, forget the
content or lose interest.

€ SEIZ Uniform(0.01, 0.50) Rate at which exposed users become active
spreaders.

p SEIZ Beta(2, 2) Probability of immediate sharing after contact
with an active spreader.

1 SEIZ Beta(2, 2) Probability of becoming skeptical or non-
spreading after exposure.

o SEIZ- Uniform(0.00, 0.30) | Correction or debunking rate caused by

modified warnings, fact-checks or counter-information.

p SEIZ Uniform(0.00, 0.60)  Interaction coefficient between exposed and

infected users.

The summary-statistic vector is selected to preserve the cascade features used later in Chapter
3: final cascade size, time to peak, maximum spreading rate, cascade depth, cascade breadth,
mean inter-event delay and the average Transformer-derived fake-news probability. This
vector can be written as:

S(D) = [Cr, tpeato Tmaxs des Bes Tmeans B (2.16)
In Equation (2.16), Cr is final cascade size, tpeai 1S time to peak, 7.« 18 the maximum
spreading rate, d. is cascade depth, b, is cascade breadth, 7,04, 1S the mean inter-event time
and pr is the mean Transformer-derived fake-news probability for the claim or cascade item.
The distance between observed and simulated summaries is expressed as:

P (Sobs: Ssim) = X wic [S>® — SP™| (2.17)

The weights w;, in Equation (2.17) determine the importance of each summary statistic. If final
cascade size is the primary target, Cr receives more weight. If early-warning behaviour is more
important, tpeak and 7, can be emphasized. In Chapter 3, these summary statistics support
posterior calibration, posterior predictive simulation and short-horizon out-of-sample
forecasting. The full candidate summary-statistic table is provided in Appendix D.3.
Connection with Transformer-Based Detection and BigBird-Assisted SEIZ
Following BigBird-assisted SEIZ concepts [12], [86], [89], Transformer output probabilities
may be incorporated into diffusion coefficients. For a text item x;, the calibrated Transformer
fake-news probability is defined as:

pr(x;) = P(y; = fake | x;) (2.18)
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In Equation (2.18), ps(x;) denotes the probability assigned by the Transformer detector that
textual item x; belongs to the fake-news class. The score is not used as an ensemble component
and does not replace temporal diffusion modelling. Instead, it provides a calibrated content-
risk signal that can modulate the spreading pressure assigned to an observed temporal
interaction.

Bii(©) = Bowi; () [1+ Apr(x)] [1 + ¢ (2.19)
In Equation (2.19), Bii(t) is the effective transmission coefficient from user j to user i at time t,
Bo is the baseline transmission coefficient, wj(t) is the temporal interaction weight, A controls
the contribution of the Transformer fake-news probability, c; is a centrality or influence score
of the spreading user j, and 1 controls the effect of user influence. The equation is used as a
methodological bridge between the Transformer detection layer and the SEIZ diffusion layer:
higher fake-news probability, stronger interaction weight and greater sender influence increase
the effective spreading pressure along the observed temporal edge. The extended BigBird-
assisted SEIZ discussion is retained in Appendix G.1.
The observed-data mapping used by ABC is therefore deliberately conservative. Visible posts
or claim text contribute to the Transformer fake-news probability, shares and retweets
contribute to cascade size and infected-curve reconstruction, timestamps determine the peak
time and inter-event delays, and user-to-user edges provide the temporal interaction structure.
Fact-checks, debunking replies or correction links are not interpreted as complete observations
of belief change; they are treated only as partial evidence for correction, skepticism or non-
spreading behaviour. This distinction prevents the methodology from over-interpreting
platform traces while still allowing the ABC simulator to compare observable cascade
summaries with simulated trajectories.
This design is also important for identifiability. Several different parameter combinations may
reproduce a similar cumulative curve, especially when exposed and skeptical states are latent.
ABC therefore does not claim to recover a single true parameter vector. It estimates a posterior
region of plausible parameters, conditional on the chosen simulator, prior ranges and summary
statistics. This interpretation is consistent with ABC applications to stochastic epidemics and
spreading processes on networks [24], [25], [76], [77]. The detailed observed-data mapping
and candidate summary-statistic tables are kept in Appendix D.3 so that the main section

remains readable while preserving reproducibility for examination purposes.
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2.6.4 ABC-SMC Inference

Standard rejection ABC 1is useful for explaining likelihood-free inference, but it can be
inefficient when the prior is broad and the tolerance threshold must be small. ABC-SMC
addresses this limitation by using a sequence of particle populations with progressively
decreasing tolerance thresholds. Early populations explore broad regions of the parameter
space, while later populations concentrate on parameter values that generate simulations closer
to the observed cascade. This sequential structure is particularly useful for fake-news diffusion
because SIR and SEIZ parameters interact nonlinearly and because the same cascade can often
be reproduced by several plausible parameter combinations [22], [77], [79], [80].

Figure 2.12 illustrates the ABC-SMC procedure used to refine the posterior distribution and
compare SIR with SEIZ under progressively decreasing tolerance thresholds. The method starts
with a population of particles, simulates candidate cascades, compares summary statistics,
weights accepted particles and resamples toward a refined posterior. In Chapter 3, this logic

supports the comparison between SIR, SEIZ, ABC-SEIZ and ABC-SMC-SEIZ posterior
predictive behaviour.

Initial Tolerance Simulate Weight + Tolerance Refined
particles 31 SIR & SEIZ resample £...G posterior

Figure 2.12. ABC-SMC workflow for comparing SIR and SEIZ on fake-news temporal cascades.

The candidate model set is written as:
M = {SIR, SEIZ} (2.20)

ABC-SMC can then compare the approximate posterior support of candidate models through:

Pppc(M | Dops) < P(M)Papc(Dobs | M) (2.21)
Equation (2.21) is not interpreted as proof that one model is universally superior. Instead, the
dissertation evaluates whether the SEIZ structure provides better posterior predictive
calibration for the empirical fake-news cascades considered in Chapter 3. The accepted
distances, posterior parameter distributions and posterior predictive curves are used to compare
the practical calibration of SIR and SEIZ under the same observed I,ey (t) and I.ym(t)
trajectories.
The ABC-SMC implementation is also aligned with the computational tools used later in
Chapter 3. In practice, the algorithm produces weighted particles rather than a single fitted
parameter set. These particles represent candidate SIR or SEIZ parameter values that survived

successive tolerance levels. The final population is then summarized through posterior
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medians, credible intervals and posterior predictive simulations. This workflow is compatible
with ABCpy and related high-performance implementations of Approximate Bayesian
Computation [107], while the thesis keeps the mathematical explanation independent of any
single software package.

The model-comparison role of ABC-SMC should be interpreted carefully. A lower distance or
better posterior predictive fit for SEIZ does not prove that SEIZ is universally the best model
for all misinformation processes. It shows that, under the retained fake-news cascades,
summary statistics and prior assumptions, the SEIZ state structure provides stronger posterior
predictive calibration than the simpler SIR baseline. This wording is important because Chapter
3 evaluates empirical calibration for two principal fake-news claim cascades, not a universal
theorem about all social-media diffusion datasets.

2.6.5 Posterior Predictive Simulation and Forecasting

After ABC or ABC-SMC has produced accepted parameter samples, posterior predictive
simulation is used to assess how well the calibrated simulator reproduces the observed cascade
and how plausible future trajectories behave under uncertainty. This step is essential because
posterior parameter estimates alone do not show whether the model can reproduce the time
profile of the fake-news claim. Posterior predictive simulation therefore transforms parameter
uncertainty into distributions over future I,y (t), Icum(t), peak time and final cascade size.

Posterior predictive simulation can be written as:

Ditare ~ M(8™), 8™ ~ papc(8 | Dops) (222)
In Equation (2.22), 8”(m) is a posterior parameter draw and M is the SIR or SEIZ simulator.
Repeating the simulation over many posterior draws produces a distribution of fitted or future
spreading curves. Chapter 3 uses this principle for posterior predictive fit, ABC-SEIZ versus
ABC-SMC-SEIZ calibration comparison and out-of-sample short-horizon forecasting of
Ioum (8).

Figure 2.13 shows the full methodological integration used in the dissertation. Transformer
output supplies py (x), temporal cascade construction supplies summary statistics and
interaction structure, SIR/SEIZ provides the simulator, ABC/ABC-SMC estimates posterior
parameter uncertainty and posterior prediction produces fitted, forecasted or scenario-based
trajectories. The figure explains why the ABC layer is not independent of the detection and

temporal-network layers; it is the posterior-inference stage of the same framework.
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Transformer Temporal SIR/SEIZ ABC/ Posterior Scenario
p_f(x) ascade summarie simulator ABC-SMC prediction analysis

Figure 2.13. ABC calibration of a fake-news cascade using Transformer outputs and temporal-

network summaries.
When scenario analysis is required, interventions are represented as parameter perturbations

rather than as causal claims about real platform policy:

Bintervention = @B, 0 < ap <1; Sintervention = @56, a5 >1 (2.23)
Equation (2.23) states the basic counterfactual interpretation used later in the thesis. Lower 3
represents reduced visibility or reduced exposure to the fake-news claim, while higher o
represents stronger correction or debunking pressure. In Chapter 3, such scenarios are
interpreted as model-based counterfactual comparisons under a calibrated posterior baseline,
not as causal estimates of real platform-policy effects. The detailed intervention-parameter
interpretation table is retained in Appendix D.3.
Posterior predictive simulation has three methodological roles in the dissertation. First, it
checks whether the posterior parameter values reproduce the observed in-sample spreading
trajectory. Second, it generates uncertainty bands around the fitted or forecasted I, (t) curve,
which is necessary because a point estimate alone may hide parameter uncertainty. Third, it
provides a bridge to counterfactual reasoning: once a posterior baseline is obtained, controlled
parameter perturbations can be applied to explore how visibility reduction, correction or early
mitigation would change the same calibrated cascade.
The distinction between fitting and forecasting is preserved throughout the methodology. In-
sample posterior predictive fit evaluates whether the model can reconstruct the observed
cascade under the same observation window. Out-of-sample short-horizon forecasting
evaluates whether the model can predict a held-out segment of I, (t) after calibration on an
earlier part of the cascade. Chapter 3 uses this second form as a stronger validation check for
the two main empirical cascades. The forecast is not presented as an unconditional prediction
of future platform behaviour; it is a held-out posterior predictive test under the same dataset
and modelling assumptions.
The same principle applies to counterfactual scenario analysis. A scenario such as reduced
visibility is not interpreted as evidence that a real platform policy caused a measured historical
reduction. It is a controlled model-based perturbation applied to the calibrated posterior
baseline. This allows the thesis to rank intervention mechanisms by their expected effect on

Lyew (1), Ieum (t), peak spreading and final cascade size, while avoiding causal claims that
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cannot be supported by observational cascade data alone. The detailed separation between
ABC-SMC inference and posterior predictive application is documented in Appendix D.4.
For the two principal cascades used in Chapter 3, this workflow creates a consistent
methodological chain. The COVID-19 real Twitter/X “The coronavirus is not only affecting
the way we live, it’s also dramatically affecting the way we die.” fake-news claim supplies a
large health-misinformation cascade with repeated temporal activation. The Hoaxy /
OSoMeNet “Three million votes in the Presidential Election were cast by illegal aliens.” fake-
news claim supplies a large political misinformation cascade with strong network
amplification. Both are converted into observed Iey (t) and I.,m (t) trajectories, calibrated
through SIR/SEIZ and ABC/ABC-SMC, and then evaluated through posterior predictive and
forecast metrics.

2.6.6 Baseline Posterior Fake-News Diffusion-Risk Functional

To formalize the integration of the proposed framework, this thesis introduces a Baseline
Posterior Fake-News Diffusion-Risk Functional. The functional is not a replacement for SIR
or SEIZ and is not a new epidemic compartment model. Instead, it is a mathematical synthesis
that connects Transformer-based fake-news probability, temporal-network amplification and
ABC-SMC-SEIZ posterior predictive growth into one baseline diffusion-risk quantity.

For a fake-news claim c, textual input x,, observed cascade SOPS, prediction horizon h and

observed cascade population size N, the baseline risk is defined as:

) Alcym, c(t;hie)
Rpase(c, h) = pf(xc)[l + /’lAC(t)]IEeerMC [N—c]

(2.24)

In Equation (2.24), ps(x.) is the Transformer-based probability that the textual item is a fake-
news claim or fake-news article. A.(t) is the temporal-network amplification score computed
from the observed cascade, A controls the influence of this amplification term, 7SM€(@ | S2P%)

is the ABC-SMC posterior distribution of SEIZ parameters, ICSEI;Z,C (t + h; 0) is the predicted

cumulative number of active spreaders at horizon h, Ié’lﬂfllc(t) is the observed cumulative

number of active spreaders up to time t, and N, normalizes the score by the observed cascade

population size. The functional therefore measures expected normalized future cumulative

growth under the baseline posterior, scaled by content risk and network amplification.

A simple amplification term can be defined from the temporal cascade and network layer as:
Ac(t) = wiIfwe(t) + w  HFO™ () + w3BR™ (), wi+w,+wsz =1 (2.25)

In Equation (2.25), I,,ew.c norm(t) is the normalized number of new unique active spreaders

in the current time window, H}°™(t) is a normalized hub-activity score, and Bf°™(t) is a

normalized relay or betweenness-based activity score. When a minimal operational score is
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required, A, (t) may be approximated using only the normalized I, (t) signal. This keeps the
functional compatible with the empirical cascades in Chapter 3, where I,y (t), Ioum (t), source
hubs and relay users are the observable diffusion outputs.

If ABC-SMC returns M posterior particles {(6,,, wy,)} for m = 1...,M, Equation (2.24) can be

evaluated in particle form as:
o) A AIcum,c(t'hiem)
Roase(c, h) = Br(x[1 + A ()] By Wiy [t 0] (2:26)

Equation (2.26) shows how the functional can be computed from the same ABC-SMC posterior
particles that are used for posterior predictive simulation. In Chapter 3, the functional is linked
to the two principal empirical cascades: the COVID-19 real Twitter/X “The coronavirus is not
only affecting the way we live, it’s also dramatically affecting the way we die.” fake-news
claim and the Hoaxy / OSoMeNet “Three million votes in the Presidential Election were cast
by illegal aliens.” fake-news claim. The equation is therefore defensible as a baseline risk
synthesis because every term corresponds to an implemented output of the dissertation
framework.

2.6.7 Framework Integration

The final part of Section 2.6 defines the common evaluation layer used in Chapter 3 and
summarizes the logical connection between detection, diffusion and posterior inference. The
experimental chapter reports the numerical values of the error metrics, but the mathematical
definitions belong to the methodology. For an observed cumulative spreading curve Iy, (t)
and a simulated or posterior predictive curve I, (t), the principal curve-distance measure is
the relative 2-norm distance:

”Isim(t)_lo s(t)"
dLZ (Iobs:lsim) = > 2

”Iobs(t)llz

(2.27)

Equation (2.27) is scale-normalized, allowing the COVID-19 real Twitter/X cascade and the
Hoaxy / OSoMeNet “Three million votes in the Presidential Election were cast by illegal
aliens.” cascade to be compared despite different final cascade sizes. Lower values indicate
closer agreement between simulated and observed cumulative active-spreader trajectories.

The root mean squared error and mean absolute error are used as complementary absolute-error

measurcs:

RMSE = J%Z{:l(lsim(t) - Iobs(t))z (2-28)

1
MAE = F Z:lllsim(t) - Iobs(t)l (2-29)

For out-of-sample posterior predictive forecasting, the normalized RMSE is reported as:
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RMSE
Iobs(T)

nRMSE = (2.30)

Equations (2.27)-(2.30) provide the common evaluation layer for fitted curves, posterior
predictive simulations and short-horizon forecasts. They are not introduced as theoretical
contributions; they are methodological definitions used to make the Chapter 3 comparisons
reproducible. The new methodological contribution remains the integrated baseline risk
functional in Equations (2.24)-(2.26), which combines Transformer content risk, temporal-
network amplification and ABC-SMC-SEIZ posterior predictive growth.

The role of the ABC layer in the dissertation can be summarized in four connected steps. First,
Transformer models provide calibrated content-risk probabilities. Second, temporal cascade
construction produces the Iew (t), I.um(t) and network summaries needed for simulation.
Third, SIR and SEIZ translate those summaries into interpretable diffusion mechanisms, with
SIR serving as the baseline and SEIZ serving as the main model. Fourth, ABC and ABC-SMC
estimate parameter uncertainty and generate posterior predictive trajectories. This integrated
methodology is the basis for the empirical results, forecasts and counterfactual scenario
analysis in Chapter 3.

The placement of detailed materials in the appendices is part of this methodological design.
Appendix D preserves the supplementary cascade summaries, prior ranges, summary-statistic
details, observed-data mappings and intervention-parameter interpretations used to reproduce
the ABC and ABC-SMC results. Appendix G retains the extended theoretical discussion of
likelihood-free inference, ABC rejection targets, network-spreading interpretation and SIR-
SEIZ model-comparison equations. This separation allows Section 2.6 to remain a readable
methodology section while still providing sufficient technical depth for audit, examination and
reproducibility.

The final methodological boundary is therefore explicit. Section 2.6 defines the models,
inference logic, posterior predictive use and baseline risk functional that are actually evaluated
in Chapter 3. It does not claim that all hidden states of user belief are observed, nor does it
claim that counterfactual scenarios are causal platform experiments. Instead, it defines a
coherent simulation-based inference pipeline for partially observed fake-news cascades:
observed temporal interactions are summarized, SIR and SEIZ simulators generate comparable
trajectories, ABC and ABC-SMC estimate uncertainty, and posterior predictive checks
evaluate whether the fitted model reproduces or forecasts the observed cumulative spreading

process.
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This boundary is important for a high-level PhD methodology because it keeps the contribution
both ambitious and defensible. The ambition lies in connecting Transformer-based detection,
temporal-network cascade construction, epidemic modelling and likelihood-free posterior
inference within one framework. The defensibility lies in the careful separation between
observed data, latent states, model assumptions, posterior uncertainty and counterfactual
interpretation. Chapter 3 operationalizes this methodology without restating all formulas, using
the equations and definitions established in Section 2.6 as the reference layer for the empirical
results.

2.7 Dataset Suitability, Ethics and Reproducibility Boundaries
Section 2.7 synthesizes the dataset-suitability, ethical and reproducibility boundaries of the
proposed methodology. Its purpose is not to repeat the dataset descriptions already provided in
Section 2.3, nor to reproduce the implementation details preserved in Appendices D and G.
Instead, it explains why the selected datasets are methodologically appropriate for the two
evidence layers of the dissertation: content-based fake-news detection and diffusion-oriented
fake-news claim modelling. This synthesis is necessary because a dataset that is useful for
binary textual classification is not automatically suitable for temporal-network construction,
SIR/SEIZ modelling or ABC/ABC-SMC inference.

The final thesis design therefore uses a two-layer suitability logic. The first layer assesses
whether a dataset provides labelled text that can be cleaned, tokenized and used for
Transformer-based fake-news detection. The second layer assesses whether a dataset provides
timestamped interactions, directed source-target relations, cascade identifiers or claim-level
temporal traces that can be transformed into temporal fake-news cascades. This distinction
protects the methodology from treating all fake-news datasets as interchangeable and keeps the
Chapter 3 experiments aligned with the available evidence.

This section also defines the ethical and reproducibility boundary of the data layer. Social-
network diffusion data may contain user identifiers, timestamps and interaction traces;
therefore, the thesis uses them only for aggregate cascade modelling and does not attempt to
identify, profile or evaluate individual users. Reproducibility is supported by documenting
label mapping, preprocessing, cascade filtering, temporal aggregation and ABC/ABC-SMC
configuration in the main methodology and appendices [91]-[94], [133], [134].

The suitability synthesis is therefore summarized through two complementary questions:

1) Can the dataset support reliable binary fake-news detection from text?

2) Can the dataset support temporal cascade reconstruction and epidemic-model inference

from ordered interactions?
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The detailed audit dimensions behind these questions are preserved in Appendix F.4, while the
main text retains only the final role decisions required for Chapter 3.
2.7.1 Suitability for Transformer-Based Fake-News Detection
Transformer-based fake-news detection requires datasets with reliable textual fields,
interpretable labels, sufficient class coverage and limited risk of train-test leakage. In the
operational design of this dissertation, the content-based layer consists of
Constraint@AAAI2021, FRN, ISOT, CoAID and the Albanian Fake News Corpus. These
datasets support author-generated Transformer and classical machine-learning results in
Chapter 3. They are not used as empirical temporal-diffusion evidence unless user-level
temporal interactions are available and can be reconstructed responsibly.
For systematic comparison, the suitability of a content-based dataset D; for Transformer
detection can be expressed qualitatively as:
Sr(Dy) = wiL; + wrT; + wgB; + woQ; + wyN; (2.31)
In Equation (2.31), Sy(D;) denotes the Transformer-detection suitability of dataset D;. The
term L; represents label reliability, T; represents text availability and document length
suitability, B; represents binary class balance, Q; represents text quality after preprocessing,
and N; represents language or domain suitability. The weights w;,, wr, wg, wy and wy are
researcher-defined qualitative weights. The expression is not used as a strict numerical score;
it formalizes the criteria used when deciding which datasets should remain in the operational
content-based layer.
Table 2.16 retains only the content-based datasets that are actually used in the Chapter 3
detection layer. The table also states the methodological boundary of each dataset so that
detection evidence is not confused with temporal-diffusion evidence.
Table 2.16. Final content-based datasets retained for Transformer and classical machine-learning
detection.
Dataset Primary  detection Reason for retention Methodological
role boundary

Constraint@ AAAI2021 Short COVID-related Supports short social- Used for content

fake/real text media-style detection, not for
detection. misinformation temporal diffusion
classification under modelling.

pandemic-information

conditions [30].
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FRN Long-form fake/real Provides long mnews | Used for article-

article detection. articles and supports @ level detection; no
long-sequence cascade
Transformer evaluation,  reconstruction is
including BigBird-style | inferred from the
modelling [12], [81],  corpus alone.
[95].

ISOT Large English = Provides a large binary = Used for content-
fake/real article benchmark for classical level robustness
benchmark. and Transformer = analysis only.

comparison.

CoAID Healthcare Connects fake-news | Used mainly as a
misinformation detection with health-  content  dataset;
detection. related misinformation | social signals are

and partial social-context | not treated as
evidence [83], [97]. complete temporal
cascades.

Albanian Fake News Low-resource Supports  multilingual | Used for detection

Corpus Albanian  fake-news  and low-resource | and synthetic
detection. Transformer evaluation = validation support,

[84], [85], [98]. not as empirical
Twitter/X or

Hoaxy evidence.
The practical output of this suitability decision is a controlled content-risk layer. Transformer
models trained or evaluated on the selected content datasets can produce a fake-news
probability score p¢(x), but this score is only one component of the full thesis framework. It
becomes operationally meaningful for diffusion analysis only when it is linked to a fake-news
claim that also has temporal-interaction evidence.
2.7.2 Suitability for Temporal Diffusion Modelling, SIR/SEIZ and ABC/ABC-SMC
Temporal diffusion datasets require a different suitability logic. They must provide
timestamped interactions, directed user-to-user or source-target relations, cascade membership
and extractable summary statistics. These properties are necessary because SIR, SEIZ and
ABC/ABC-SMC do not operate directly on raw text; they operate on time-indexed spreading
curves and summary statistics derived from the temporal cascade.

For diffusion-oriented data, a qualitative suitability expression can be written as:
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Sp(D;) = wrT; + weC; + WeE; + wyM; + waA; + w0, (2.32)
In Equation (2.32), S, (D;) denotes the temporal-diffusion suitability of dataset D;. The term T;
represents timestamp availability, C; represents cascade or claim-level structure, E; represents
directed edge availability, M; represents compatibility with SIR/SEIZ state mapping, A;
represents availability of ABC/ABC-SMC summary statistics, and Q; represents data quality
after temporal preprocessing. As with Equation (2.31), the expression is a methodological
guide rather than a fixed numerical rule.

Table 2.17 shows that only two diffusion-oriented datasets are used as the principal empirical
cases for SIR/SEIZ, ABC/ABC-SMC, posterior prediction and counterfactual analysis. The
additional Hoaxy social cascade and the synthetic Albanian cascade support comparison and
validation without being treated as equivalent empirical bases.

Table 2.17. Final diffusion-oriented datasets retained for temporal, epidemic and ABC/ABC-SMC

modelling.

Dataset / cascade

COVID-19 real
Twitter/X

Hoaxy /
OSoMeNet
political

Hoaxy-imported

social cascade

Synthetic
Albanian

temporal cascade

Fake-news claim or
item

“The coronavirus is not
only affecting the way
it’s  also

we live,

dramatically  affecting

the way we die.”

“Three million votes in
the Presidential Election
cast by

were illegal

aliens.”

“Should One Tweet End

a Career?”

“Shqipéria do t&€ presé
100 mij€ palestinezé nga

Gaza.”

Main diffusion
support

Timestamped user-to-
user interactions
filtered to site type =

covid_fake claim.

Large-scale retweet
cascade with directed
user-to-user

interactions.

Claim-labelled Hoaxy
social cascade with
timestamped
spreading records.
Generated
timestamped cascade
with claim and fact-

checking records.

Role

Principal empirical
health  misinformation
cascade for temporal-
network, SEIZ/ABC-
SMC  and Iy (t)
forecasting.

Principal empirical

political fake-news claim
cascade for SIR/SEIZ,
ABC/ABC-SMC and
forecast comparison.
Additional comparative
social fake-news claim
cascade for temporal-
network interpretation.
Validation and
simulation support for the
low-resource  Albanian

pipeline; not treated as
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empirical Twitter/X
evidence.
For ABC/ABC-SMC inference, the observed cascade is reduced to a vector of summary

statistics. A generic representation of this vector is:

S(DY) = (Cr, tyeato Tmaxs des bes 7, 17) (233)
In Equation (2.33), Cr is the final cascade size, tpeak is the time to peak diffusion, 77,,4 is the
maximum spreading rate, d. is cascade depth, b, is cascade breadth, gf is the Transformer

fake-news probability associated with the item, and ny is the number of skeptical, corrective
or fact-checking-related events when such information is available. The exact vector is adapted
to each dataset, but the role of the vector remains the same: it translates an observed fake-news
claim cascade into summary evidence that can be compared with simulated SIR/SEIZ
trajectories in the ABC and ABC-SMC procedures [19]-[26], [35], [86]-[89].

The suitability boundary is therefore explicit. A content-only dataset may provide strong
Transformer evidence but cannot by itself support epidemic diffusion modelling. A diffusion-
oriented dataset may provide rich interaction evidence but should not be treated as a standard
text-classification corpus unless the textual item and its label are sufficiently defined. This is
the reason why Chapter 3 separates Transformer detection experiments from temporal-
network, SIR/SEIZ, ABC/ABC-SMC and forecasting experiments.

2.7.3 Ethical, Privacy and Reproducibility Considerations

Ethical handling includes anonymization of user identifiers, avoidance of harmful content
amplification, and adherence to dataset licensing constraints. Reproducibility is supported
through documentation of preprocessing, label mapping, train-validation-test splits, temporal-
cascade construction, and ABC configuration parameters.

The same reproducibility boundary is supported by data statements, datasheets, data cards,
model cards, dataset-development audits, FAIR data principles and ACM artifact-review
guidance, which emphasize transparent provenance, documented preprocessing and clear
separation between original data, derived features and evaluation artifacts [91]-[94], [133]-
[134], [185].

2.7.4 Methodological Assumptions and Validity Boundaries

The proposed framework rests on explicit validity boundaries. The Transformer score ps(x) is
not treated as absolute truth; it is a model-estimated content-risk signal. A repost, retweet, reply

or share is treated as observable spreading activity, not as proof that the user believes the claim.
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Similarly, non-engagement is not direct evidence of skepticism. SEIZ states are therefore
modelling proxies for observable diffusion behaviour rather than psychological states.

The ABC and ABC-SMC posterior distributions are conditional on the selected simulator,
priors, tolerance schedule, distance function and summary statistics. They quantify uncertainty
under the stated modelling assumptions; they do not prove a complete causal mechanism for
misinformation adoption. The synthetic Albanian cascade is used as validation and pipeline-
support evidence, not as an empirical cascade with the same evidential weight as the principal
real-world diffusion datasets.

GNNs and XAlI are not excluded because they lack scientific value. GNNs are retained as future
work because they require more complete user-level graph data, stable social-context links and
stronger privacy safeguards. XAl is also retained as future work because faithful explanations
require a separate validation design. LLMs are used only as auxiliary or support tools and not
as ground-truth sources for labels, test sets or diffusion interpretations.

This boundary prevents the methodology from overclaiming. The dissertation evaluates the
implemented Transformer, temporal-cascade, SIR/SEIZ and ABC/ABC-SMC pipeline, while
positioning GNN, XAI and broader LLM-based extensions as future research directions that
require additional data and validation.

Table 2.18. Implemented components and literature-only or future-work boundaries.

Component Status in this thesis = Reason for status

BERT, RoBERTa, Implemented and They provide the operational Transformer

BigBird, mBERT and -evaluated detection layer and generate the model-

XLM-RoBERTa estimated fake-news probability used by the
framework.

SIR and SEIZ diffusion Implemented and They provide interpretable epidemic-state
models evaluated representations for active spreading, stopping,
exposure and skepticism.
ABC and ABC-SMC Implemented and They quantify uncertainty in diffusion
evaluated parameters when exact likelihood evaluation
is not feasible.
GNN and temporal graph = Literature review and | They require richer user-level graph data,
learning future work reliable follower or interaction networks and
consistent propagation labels than are
available across all retained datasets [121]-

[129], [153]-[155].
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Explainable Al Future  explanatory LIME, SHAP and explainable fake-news
extension systems are relevant, but a full XAl layer
would require a separate explanation-
validation protocol [115]-[117], [152], [172].
Large Language Models | Auxiliary or support LLMs can assist augmentation or analysis, but
role only final labels, evaluation sets and diffusion
interpretations are not generated from LLM
output [47]-[49], [135]-[136], [143]-[145].
Voting, stacking and Literature review They may improve accuracy but would reduce
classifier ensembles only traceability between the Transformer score
and the  downstream  diffusion-risk
interpretation.
2.8 Chapter Summary
This chapter presented the methodological framework of the dissertation. It defined the selected
datasets, preprocessing procedures, temporal-network representation, SIR/SEIZ diffusion
modelling and ABC-based parameter inference. It also added explicit methodological
traceability from research questions to Chapter 3 evidence, clarified the boundary between
model-estimated fake-news probability and ground truth, and separated implemented
components from literature-only or future-work extensions such as GNN, XAl and auxiliary
LLM support. These methodological elements provide the basis for the experiments presented
in Chapter 3.
The methodological elements defined in this chapter are evaluated in Chapter 3 in the same
sequence: first through Transformer-based binary detection, then through temporal cascade

reconstruction, followed by SIR/SEIZ diffusion modelling, ABC/ABC-SMC posterior

inference, posterior predictive forecasting and counterfactual intervention analysis.
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Chapter 3. Experimental Results and

Discussion

3.1 Introduction

This chapter reports the empirical results obtained after executing the Transformer-ABC-
Epidemic framework defined in Chapter 2. The organizing principle is intentionally strict:
Chapter 2 explains how the framework works, whereas Chapter 3 reports what happened when
the framework was run on the selected content-based and diffusion-oriented evidence.
Consequently, this chapter does not repeat full dataset descriptions, preprocessing recipes,
tokenization rules, label-mapping procedures or mathematical derivations already established
in the methodology chapter and the appendices. It concentrates on numerical outputs, visual
evidence, model comparisons and interpretation boundaries.

The empirical design follows the detection-diffusion-inference sequence of the thesis. First,
Transformer-based and baseline text-classification experiments evaluate whether fake and real
news can be separated reliably across short-text, long-document, healthcare and multilingual
settings. Second, selected fake-news claims are converted into temporal cascades so that user
activation, cascade growth and time-respecting diffusion patterns can be observed. Third, SIR
and SEIZ epidemic models are fitted to the principal empirical cascades. Finally, ABC and
ABC-SMC are used to estimate posterior parameter uncertainty, posterior predictive behaviour
and intervention-oriented outcomes.

This structure is necessary because fake-news risk is not a single empirical quantity. A detector
may achieve high F1-score or ROC-AUC, but this does not prove that a false claim spreads
widely, peaks quickly or remains active after corrective information. Conversely, a cascade
may show strong temporal amplification even when the originating content is only one item
within a larger misinformation environment. Chapter 3 therefore evaluates content-level and
diffusion-level evidence separately before integrating them in the final discussion.

The dataset boundary is preserved from Chapter 2. Content-based datasets are used for binary
fake-news detection and model comparison, whereas diffusion-oriented datasets are used for
temporal-cascade reconstruction, SIR/SEIZ modelling and ABC/ABC-SMC inference. This
prevents classification accuracy, cascade size, posterior uncertainty and synthetic validation
from being treated as interchangeable evidence. In practical terms, the five content datasets
provide item-level fake/real labels, while the principal diffusion cases provide timestamped

spreading traces for claim-level temporal modelling.
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For content detection, the chapter reports author-generated experimental outputs rather than
importing performance values from the original dataset papers. The emphasis is placed on
accuracy, precision, recall, F1-score, ROC-AUC, confusion matrices and ROC curves because
these outputs show what the implemented detection layer produced under the thesis pipeline.
The goal is not to claim that one Transformer architecture is universally superior across all
misinformation domains, but to identify how model behaviour changes across short posts, long
news articles, healthcare misinformation and low-resource Albanian content.

For diffusion analysis, the chapter focuses on observable temporal behaviour. The COVID-19
Twitter/X fake-news cascade and the Hoaxy / OSoMeNet political fake-news cascade provide
the two principal empirical cases for modelling. They are used to examine new-spreader
activity, cumulative spreading curves, cascade shape, temporal reachability and the fit of SIR,
SEIZ and ABC-calibrated models. Additional temporal cases are retained only as
supplementary or validation-oriented evidence and are not given the same inferential status as
the two principal empirical cascades.

The diffusion and Bayesian results are interpreted as modelling approximations rather than
literal biological claims about social behaviour. SIR and SEIZ test how well epidemic-style
state transitions approximate observed spreading curves, while ABC and ABC-SMC quantify
posterior uncertainty and posterior predictive behaviour. The baseline posterior fake-news
diffusion-risk functional is used only as an integrative demonstration linking Transformer-
estimated fake-news probability, temporal-network amplification and forecast growth.
Detailed cleaning, tokenization, harmonization, split documentation, run logs and output
inventories are referenced rather than repeated; they remain in Chapter 2 and Appendix C, with
supplementary cascade and intervention material in Appendix D and extended dataset cards in
Appendix F.

The remainder of the chapter follows this execution sequence: Section 3.2 summarizes the
setup, Section 3.3 reports detection results, Sections 3.4-3.6 report cascade, epidemic and
posterior outputs, Section 3.7 reports interventions, and Sections 3.8-3.9 synthesize the

empirical conclusions.

3.3 Transformer-Based Binary Detection Results and

Comparative Analysis
This section reports the content-detection results produced by the Transformer-ABC-Epidemic

framework. The purpose is not to repeat the preprocessing, tokenization, split construction or

implementation settings defined in Chapter 2 and Appendix C. Instead, Section 3.3 presents
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what happened when the binary detection layer was executed on the selected content-based
datasets: Constraint@AAAI2021, FRN, ISOT, CoAID and the Albanian Fake News Corpus.
The section is organized as a compact results block. Section 3.3.1 reports the short-text
COVID-19 detection result. Section 3.3.2 synthesizes the long-text and domain-specific
evidence from FRN, ISOT and CoAID. Section 3.3.3 reports the multilingual Albanian result.
Section 3.3.4 integrates the main comparative patterns and explains why the detection outputs
are suitable as content-risk signals for the temporal cascade analysis that follows.

3.2 Experimental Setup

This section summarizes only the experimental settings required for interpreting the results
reported in Chapter 3. Detailed preprocessing, tokenization, dataset harmonization, temporal-
cascade construction and ABC/ABC-SMC implementation procedures are presented in
Chapter 2 and Appendix C. Therefore, this section does not repeat full dataset descriptions or
preprocessing blocks. Its purpose is to state the evidence used in the experiments, the role
assigned to each dataset, the train-validation-test and evaluation logic, and the reproducibility
conditions under which the reported results were generated.

The experimental setup follows the same four-block structure as the thesis methodology:
detection, temporal cascade analysis, epidemic modelling and Bayesian inference. Each block
produces a different type of evidence. Detection experiments produce classification metrics
and probability outputs. Temporal experiments produce cascades and time-ordered spreading
curves. Epidemic experiments produce SIR and SEIZ fitted trajectories. Bayesian experiments
produce posterior parameter estimates and posterior predictive summaries. The blocks are
connected, but they are not interchangeable. This experimental bridge is also aligned with the
author's CSIT 2025 work on fake-news classification and Twitter temporal-network spreading
dynamics [108].

Constraint@AAAI2021 was used as the short-text benchmark; FRN and ISOT represented
long-document settings; CoAID provided healthcare misinformation; and the Albanian corpus
supported multilingual evaluation. These datasets were evaluated as content-based evidence
only. Their role in Chapter 3 is to test the detection layer across different text lengths, domains
and languages, not to provide direct temporal diffusion evidence. The dataset sources and
corpus descriptions are documented in the bibliography and Chapter 2 [30], [81]-[85], [95]-
[98], [109], [110].

Diffusion experiments relied on two principal empirical cases: a COVID-19 Twitter/X fake-
news cascade and the Hoaxy / OSoMeNet “Three million votes” cascade. These cases provide

the principal temporal evidence for cascade reconstruction, SIR/SEIZ comparison, ABC/ABC-
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SMC posterior inference, posterior prediction and intervention-oriented interpretation.
Additional temporal examples, including the Hoaxy-imported “Should One Tweet End a
Career?” case and the synthetic Albanian cascade, are retained only for supplementary
comparison or pipeline validation; they are not interpreted with the same inferential weight as
the two principal empirical cascades. The Hoaxy/OSoMeNet and temporal-diffusion data
sources are documented in the bibliography and Chapter 2 [52]-[55], [90].

Table 3.1. Experimental evidence and datasets.

Block Datasets Output
Detection Constraint, FRN, ISOT, CoAID, Albanian F1, ROC
Temporal Twitter COVID, Hoaxy Cascades
Epidemic Twitter COVID, Hoaxy SIR/SEIZ
Bayesian Twitter COVID, Hoaxy Posterior

All datasets used the preprocessing pipeline described in Chapter 2 and Appendix C. For the
content datasets, this means that text cleaning, binary label harmonization, tokenizer
preparation, split handling and output-file storage followed the documented procedure. For the
diffusion-oriented datasets, timestamp parsing, interaction filtering, cascade construction and
temporal aggregation followed the temporal-network preparation rules defined in the
methodology chapter. The full preprocessing blocks are not repeated here because the results
chapter is reserved for outputs and interpretation.

The content-detection experiments were evaluated at item level. Each news article, post, claim
or text record was treated as one classification instance with a binary fake/real label. When an
official train-validation-test split was available, the original split was preserved. Where a fixed
split had to be created, one documented split was used consistently for the reported experiment.
This rule ensures that the performance values in Section 3.3 can be traced back to stored
prediction files and metric outputs rather than to an undocumented ad hoc split.

The central leakage-prevention rule was that the same article, source record, hydrated tweet
group, duplicated claim or augmented variant must not appear simultaneously in training and
test evidence. This rule is especially important in fake-news detection because duplicated or
near-duplicated claims can inflate model performance if they are distributed across partitions.
Controlled augmentation, where used for low-resource support, was restricted to the training
side only and was not counted as independent validation or test evidence.

For the content datasets, the main evaluation measures were accuracy, precision, recall, F1-
score and ROC-AUC. F1-score is emphasized because several fake-news datasets may contain

class imbalance or domain-specific label distributions. ROC-AUC is retained because it
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evaluates ranking behaviour across probability thresholds and is useful for interpreting fake-
class probability scores. Confusion matrices are used to support false-positive and false-
negative analysis, while ROC curves show whether the selected model separates fake and real
examples consistently across thresholds.

The Transformer experiments were compared with classical machine-learning baselines where
this added interpretive value. TF-IDF, Logistic Regression, SVM, Naive Bayes and related
baselines establish the lexical reference level, while BERT, RoBERTa, BigBird, mBERT and
XLM-RoBERTa test contextual, long-sequence and multilingual settings. The comparison is
reported as empirical evidence from the thesis implementation rather than as a general ranking
of all possible fake-news detectors.

The diffusion-oriented experiments were evaluated at cascade or time-series level rather than
by random row-level train-test partitions. A retweet, repost, reply or directed interaction
belongs to a time-ordered spreading process; randomly splitting individual interaction rows
would break the chronological structure required for temporal networks, SIR/SEIZ simulation
and ABC/ABC-SMC inference. For this reason, the temporal experiments use claim-level
cascades, time-aggregated spreading curves, calibration windows and short-horizon prediction
windows instead of ordinary row-level classification splits.

For the COVID-19 Twitter/X cascade and the Hoaxy / OSoMeNet cascade, the observable
temporal signal is represented through quantities such as new active spreaders, cumulative
spreaders, cascade size, time to peak and temporal reachability. These values are reported in
Section 3.4 before epidemic modelling is applied. This order is deliberate: the empirical
cascade is first described as an observed temporal process, and only then is it interpreted
through SIR, SEIZ and Bayesian posterior models.

SIR and SEIZ are evaluated using the reconstructed empirical spreading curves as observed
diffusion evidence. SIR is treated as the baseline epidemic model because it provides a simple
susceptible-infected-recovered structure. SEIZ is treated as the richer diffusion model because
it includes exposed and skeptic/non-spreading states. The comparison therefore evaluates
whether the additional state structure improves the approximation of observed fake-news
diffusion under the selected empirical cascades.

For SIR, SEIZ and ABC/ABC-SMC evaluation, the principal fitting measure follows the
relative L2 distance defined in Chapter 2. RMSE, MAE, normalized RMSE, posterior
predictive error and visual-fit interpretation are reported only where they add explanatory
value. These measures are not introduced as new methodology in Chapter 3; they are used to

interpret the quality of the model runs produced by the pipeline.
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The ABC and ABC-SMC experiments evaluate uncertainty in diffusion parameters rather than
producing only a single deterministic fit. ABC samples candidate parameter values that
generate simulated cascades sufficiently close to the observed cascade summaries. ABC-SMC
refines this process by sequentially reducing the tolerance level and updating the posterior
sample population. The relevant outputs are posterior parameter estimates, credible intervals,
accepted particles, posterior predictive simulations, convergence behaviour and comparative
calibration between ABC-SEIZ and ABC-SMC-SEIZ.

The Bayesian diffusion analysis is reported only for the two principal empirical cascades. This
boundary is necessary because posterior inference requires a sufficiently structured observed
cascade for summary-statistic extraction, distance evaluation and repeated simulation. The
synthetic Albanian cascade is useful for checking whether the temporal-network pipeline can
operate under a low-resource scenario, but it is not interpreted as empirical evidence of real
Twitter/X or Hoaxy diffusion. Similarly, supplementary Hoaxy-imported visualisation data
support comparative temporal interpretation but do not carry the same inferential weight as the
principal empirical cases.

The implementation uses a reproducible Python-based pipeline. Transformer experiments rely
on saved model outputs, metric files, prediction files, confusion-matrix counts and ROC-curve
data. The appendix materials preserve split summaries, run logs and output files so that the
values reported in the chapter can be checked without relying only on manually copied tables.
The Bayesian diffusion component is stored separately from the Transformer detection outputs
because the experimental unit differs: detection operates on news items or posts, while
diffusion inference operates on claim-level temporal cascades.

For the ABC and ABC-SMC runs, the recorded outputs include the observed cascade, selected
summary statistics, prior ranges, distance function, tolerance rule, accepted particles and
posterior predictive trajectories. The implementation uses ABCpy for likelihood-free sampling
and posterior output management, following the computational perspective on Approximate
Bayesian Computation used in ABCpy [107]. This software boundary is included only to
clarify reproducibility; the methodological details are not repeated here because they belong to
Chapter 2 and the supplementary materials.

The fixed reproducibility requirements for Chapter 3 are as follows: each dataset uses one
documented split or experimental boundary; augmentation is excluded from validation and test
evidence; timestamp parsing is recorded for diffusion-oriented data; user identifiers are
anonymized or handled according to dataset constraints; the output files used to produce tables

and figures are archived; and ABC/ABC-SMC settings are saved together with posterior
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outputs. These requirements allow the reported metrics, cascade curves and posterior estimates
to be traced back to documented experimental artefacts.

The evaluation protocol also defines an interpretation boundary. Accuracy, F1-score and ROC-
AUC describe how well a model classifies content as fake or real. Cascade size, time to peak
and temporal reachability describe how a claim spread through a temporal interaction structure.
SIR/SEIZ fitting error describes how well an epidemic-style model approximated that
spreading curve. ABC/ABC-SMC posterior summaries describe uncertainty in diffusion
parameters and posterior predictive behaviour. The outputs are complementary, but they must
not be interpreted as the same type of evidence.

Model-specific execution is reported only insofar as it affects interpretation. Short-sequence
Transformers are evaluated where the input is naturally claim-level or post-level, while long-
sequence modelling is considered where article-level evidence would otherwise be truncated.
Multilingual modelling is evaluated only for the Albanian corpus, where the purpose is to test
whether the same detection layer can operate under low-resource language conditions. These
distinctions are experimental boundaries, not separate methodological frameworks.

The classification tables that follow therefore report outputs generated by the implemented
pipeline under the documented split and evaluation rules. They should be read as evidence of
behaviour under the thesis configuration rather than as universal benchmark rankings. This is
particularly important for long-document and healthcare misinformation datasets, where class
balance, text length, source artefacts and domain-specific vocabulary may influence
performance. The interpretation of each table therefore focuses on the observed result, the error
pattern and its relevance to the detection-diffusion bridge.

The temporal and Bayesian result tables follow the same evidence principle. A cascade table
describes the observed spreading trace; a SIR or SEIZ table describes the quality of an
epidemic-style approximation; an ABC or ABC-SMC table describes posterior uncertainty
under the selected summary statistics and simulator assumptions. These outputs are connected
through the framework, but each answers a different empirical question. The reporting
sequence is designed to prevent posterior inference from being interpreted as a substitute for
observed cascade evidence.

This setup also defines how supplementary material should be read. Appendix C supports
reproducibility of detection runs, while Appendix D supports detailed cascade and intervention
interpretation. The main chapter retains only the outputs required to judge the empirical
execution of the framework. This separation is deliberate: it allows Chapter 3 to remain a results

chapter while preserving the audit trail needed for a high-level PhD evaluation.
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Accordingly, Section 3.3 reports what happened in the Transformer-based detection
experiments, Section 3.4 reports what happened when fake-news claims were represented as
temporal cascades, Section 3.5 reports what happened when SIR and SEIZ were fitted to the
empirical spreading curves, Section 3.6 reports what happened when ABC and ABC-SMC
were used for posterior inference, and Section 3.7 reports what happened under counterfactual
intervention scenarios. The remainder of Chapter 3 therefore follows the same order as the
implemented framework while avoiding the methodological repetition that belongs to Chapter
2.

3.3.1 Results on Content-Based Datasets

Table 3.2 summarizes the author-generated detection results on Constraint@AAAI2021 Task-
A. BERT achieved the best overall performance, reaching 98.11% accuracy and 98.00% F1-
score. The strongest non-Transformer baseline was SVM + TF-IDF with 94.39% F1-score.
Compared with this baseline, BERT improved performance by approximately 3.6 percentage
points, indicating the benefit of contextual representations for short COVID-19 misinformation

messages.

Table 3.2. Author-generated detection performance on Constraint@AAAI2021 Task-A.

Model / method Accuracy Precision Recall F1-score
CNN + BiLSTM 92.01% 92.01% 92.01% 92.01%
SVM + TF-IDF 94.35% 94.42% 94.39% 94.39%
SVM + Word2Vec (ED = 200) 92.66% 92.67% 92.66% 92.66%
SVM + Word2Vec (ED = 150) 92.94% 92.94% 92.94% 92.94%
BERT 98.11% 98.11% 98.00% 98.00%
Logistic Regression (LR) 92.07% 92.11% 92.00% 92.00%
Support Vector Machine (SVM) 91.09% 91.13% 91.00% 91.00%
Naive Bayes (NB) 93.01% 93.06% 93.00% 93.00%
NB + LR 93.01% 93.05% 93.00% 93.00%

The confusion matrix and ROC curve in Figure 3.1 further confirm strong separation between
fake and real classes. The BERT classifier correctly identified 1,002 real and 1,098 fake
messages, with only 18 false positives and 22 false negatives. The ROC-AUC value of 0.9943
suggests highly reliable ranking performance across thresholds. These results support the use
of BERT as the short-text content-detection layer within the proposed framework.

Figure 3.1 combines the two complementary diagnostics of the best-performing BERT detector
on Constraint@AAAI2021 Task-A. Panel (a) shows a low-error confusion matrix, with 1,002

real messages and 1,098 fake messages correctly classified, and only 18 false positives and 22
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false negatives. Panel (b) shows strong threshold-independent separation, with ROC-AUC =
0.9943. Together, the two panels confirm that the short-text detection layer provides a reliable
content-risk signal before temporal cascade analysis.

BERT final-run evaluation for Constraint@AAAI2021 Task-A

(a) Confusion matrix (b) ROC curve
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Figure 3.1. BERT final-run evaluation for Constraint@AAAI2021 Task-A: (a) confusion matrix; (b)
ROC curve.

3.3.2 Long-Text and Domain-Specific Detection Results

FRN, ISOT and CoAID were used to evaluate model behaviour under long-document and
domain-specific conditions. FRN and ISOT represent article-level fake-news detection, while
CoAID evaluates COVID-19 healthcare misinformation across short posts/claims and longer
news items. Detailed preprocessing and run-log material is retained in Appendix C and
Appendix F; the main text keeps only the comparative results needed for interpreting the
detection layer.

Table 3.3. Compact comparison of strongest classical baselines across FRN, ISOT and CoAID.

Dataset / subset Best classical baseline Fake F1 Macro-F1 ROC-AUC
FRN Linear SVM + TF-IDF 0.9531 0.9526 0.9903
ISOT Linear SVM + TF-IDF 0.9924 0.9921 0.9996
CoAID social posts = Logistic Regression + TF-IDF = 0.9358 0.9488 0.9830

/ claims

CoAID longer news = Logistic Regression + TF-IDF | 0.4615 0.7243 0.9328

Table 3.4. Comparative Transformer detection performance across FRN, ISOT and CoAID.

Dataset /| Text type Best Transformer Fake F1 | Macro-F1 ROC-
subset setting AUC
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FRN Long BigBird- 0.9691 0.9692 0.9946
political/general RoBERTa-base
articles

ISOT Large English | RoBERTa title- | 0.9948 0.9945 0.99997
article benchmark | body

CoAID social Short healthcare RoBERTa-base 0.9615 0.9701 0.9915

posts / claims claims/posts

CoAID longer Longer healthcare = BigBird- 0.8205 0.9081 0.9786

news news items RoBERTa-base

For FRN, BigBird-RoBERTa achieved the strongest performance, with fake-class F1 =0.9691
and ROC-AUC = 0.9946. This confirms the advantage of long-sequence modelling when
relevant evidence may appear beyond the first 512 tokens. Figure 3.2 confirms that the FRN
BigBird configuration produces a balanced error profile for real and fake long-form articles.

Figure 3.2 confirms strong class separation for the FRN BigBird model. Only 18 real articles
are incorrectly flagged as fake and 21 fake articles are missed. This error pattern indicates
strong class separation and a balanced trade-off between fake-class recall and false-positive
control, which is important when the detection output is later interpreted as a content-risk

signal.

FRN BigBird final-run confusion matrix

True REAL -

True FAKE

Pred REAL Pred FAKE

Figure 3.2. BigBird final-run confusion matrix for FRN.
ISOT produced the highest overall scores. ROBERTa achieved fake-class F1 = 0.9948 and

ROC-AUC =0.99997. This very strong result is retained as benchmark evidence, but it should
be interpreted cautiously because ISOT contains source and style regularities that may simplify
article-level fake/real separation. Figure 3.3 therefore confirms ranking strength on the

benchmark rather than universal cross-domain generalization.
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Figure 3.3 shows that the best-performing ISOT configuration (RoBERTa title-body) achieves
both near-perfect ranking separation and a very low error profile. The ROC curve in panel (a)
indicates excellent discriminative ability (ROC-AUC = 0.99997), while the confusion matrix
in panel (b) shows only 22 real articles misclassified as fake and 27 fake articles misclassified
as real. Taken together, these plots confirm that the model performs extremely strongly on the
ISOT benchmark, although the result should still be interpreted with caution because of dataset-
specific source and style regularities.

(a) ROC curve (b) Confusion matrix

ROC Curve for the Best-Performing RoBERTa Setting Confusion Matrix for the Best-Performing RoBERTa Setting
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Figure 3.3. Complementary evaluation plots for the best-performing ISOT setting: (a) ROC curve; (b)

confusion matrix.

For CoAID, different behaviour was observed across subsets. ROBERTa performed best on
short healthcare posts and claims, while BigBird produced the strongest result for longer news
items. This supports the hypothesis that sequence length influences fake-news detection
performance. Overall, Transformer models consistently exceeded classical TF-IDF baselines,
while BigBird showed advantages for long-document settings.

Figure 3.4 summarizes the strongest CoAID Transformer ranking results for short healthcare

posts/claims and longer news items.
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CoAID ROC curves for best Transformer settings
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Figure 3.4. ROC curves for the best CoAID Transformer settings.
3.3.3 Multilingual and Low-Resource Results

The Albanian Fake News Corpus was included to evaluate detection performance in a low-
resource multilingual setting. Table 3.5 reports the compact comparison between the strongest
classical baseline and multilingual Transformer models. XLM-RoBERTa achieved the
strongest result, with fake-class F1 = 0.9285 and ROC-AUC = 0.9857, outperforming both the
classical baseline and mBERT. These results indicate that multilingual contextual
representations capture Albanian credibility patterns more effectively than sparse lexical
features.

Table 3.5. Albanian multilingual detection performance.

Model Fake F1 ROC-AUC
Linear SVM + word/char TF-IDF = 0.8802 0.9516
mBERT-base multilingual 0.9057 0.9741
XLM-RoBERTa-base 0.9285 0.9857

Figure 3.5 presents the confusion matrix and ROC curve of the best-performing XLM-
RoBERTa configuration.
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Albanian XLM-RoBERTa Confusion Matrix Albanian XLM-RoBERTa ROC Curve
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Figure 3.5. Albanian XLM-RoBERTa evaluation results: confusion matrix and ROC curve.
3.3.4 Comparative Detection Analysis

The cross-dataset results indicate three consistent patterns. First, performance depends on
dataset type and domain: short COVID-19 posts, long political articles, healthcare
misinformation and Albanian news contain different credibility cues. Second, long-text
datasets benefit from sequence-preserving strategies such as sliding windows and BigBird.
Third, multilingual datasets require language-aware Transformer representations. Across all
experiments, false negatives remain more critical than false positives because missed fake
items weaken downstream diffusion-risk estimation.

Table 3.6 confirms that no single input policy is optimal across all settings. BERT is sufficient
for short COVID-19 posts, RoBERTa is highly effective for article-style benchmarks and short
healthcare claims, BigBird is preferable when longer article evidence must be preserved, and
XLM-RoBERTa is the strongest setting for low-resource Albanian detection. The result
therefore supports the thesis decision to treat the Transformer layer as a controlled content-risk
module rather than as a one-size-fits-all classifier.

Table 3.6. Author-generated cross-dataset comparison of the strongest Transformer detection settings.

Dataset / subset Text type Best Fake F1 | Macro- ROC-
Transformer F1 AUC
setting

Constraint@AAAI2021 Short COVID-19 BERT-base 0.9800  0.9800 0.9943
posts

FRN Long BigBird- 0.9691 | 0.9692 0.9946
political/general RoBERTa-

articles base
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ISOT

CoAID social
posts/claims

CoAID longer news

Albanian Fake News
Corpus

Large English RoBERTa 0.9948
article benchmark  title-body
Short  healthcare | RoBERTa- 0.9615
claims/posts base
Longer healthcare BigBird- 0.8205
news items RoBERTa-

base
Low-resource XLM- 0.9285
Albanian news RoBERTa-

base

0.9945 0.99997
0.9701 0.9915
0.9081 0.9786
0.9287 0.9857

Table 3.7. Main false-positive and false-negative patterns across the content-based detection datasets.

Dataset / group

Short COVID-19 posts

and claims

Long English articles
Healthcare longer
news

Low-resource

Albanian news

Main  false-positive

pattern

Real health posts with
alarmistic  vocabulary
can resemble
misinformation.
Opinionated real
articles may resemble

unreliable sources.

Legitimate COVID-19
reports may contain
risk vocabulary similar
to fake claims.
Emotionally loaded
real Albanian texts may

be flagged as fake.

Main false-negative
pattern

Fake claims written in
cautious or official-
sounding language
may be missed.

Long fake articles may
hide misleading
evidence outside
truncated input.
Neutral  biomedical

wording can mask

misleading content.
Formal  journalistic
style can make fake
Albanian texts appear

credible.

Framework
implication
High fake-class recall
is required before

temporal monitoring.

Sliding windows and
BigBird reduce length-

related evidence loss.

Longer health news
requires both ranking
quality and fake-class
recall.
Language-aware
tokenization is
necessary for robust

multilingual detection.

This comparative analysis completes the content-detection part of the empirical evaluation.

The models provide high-quality fake-class probability outputs, but classification metrics alone

do not measure social harm or diffusion risk. The next section therefore moves from item-level

detection to temporal cascade and network evidence, where selected fake-news claims are

evaluated according to their observed spreading behaviour.
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3.4 Temporal Cascade Results

This section reports the temporal-cascade evidence that connects the Transformer detection
results in Section 3.3 with the SIR/SEIZ diffusion models in Section 3.5. The section is
intentionally results-focused. It does not repeat the full preprocessing, timestamp parsing or
graph-construction procedure from Chapter 2; instead, it reports only the outputs needed for
the transition from content-level detection to epidemic-style modelling: the detection gate, the
selected cascades, the observed infected-user trajectories and two representative temporal-
network structures.

The central distinction is that a high fake-news probability is not, by itself, diffusion evidence.
Transformer output is used as a screening signal, whereas temporal modelling requires
timestamped interaction records, user or node identifiers and a claim-scoped cascade boundary.
This rule prevents the chapter from treating text-classification accuracy, cascade reach and
synthetic validation as equivalent forms of evidence. It also makes clear why only the two
principal empirical cascades are carried forward to the main SIR/SEIZ and ABC/ABC-SMC
analyses.

Accordingly, Section 3.4 is reorganized into three compact result blocks. Section 3.4.1 states
the detection gate and cascade-selection decision. Section 3.4.2 summarizes the observed
infected-user trajectories in one table and one combined figure. Section 3.4.3 retains only the
two principal empirical network examples and moves auxiliary network visualizations to
Appendix D. This structure keeps the section aligned with the purpose of a results chapter: to
show what was observed and how those observations justify the next modelling step.

3.4.1 Detection gate and cascade selection

Transformer outputs were used as a screening mechanism before temporal-network modelling.
A claim was transferred to cascade analysis only when the fake-class probability exceeded the
decision threshold, p(fakelx) >= 0.50, and when the item also had sufficient temporal
interaction evidence. This two-part gate separates content-level credibility detection from
diffusion evidence and prevents content-only datasets from being used as epidemic-model
inputs.

Table 3.8 summarizes the selected cases. The COVID-19 Twitter/X and Hoaxy / OSoMeNet
cases are the two principal empirical cascades used later for SIR, SEIZ and ABC/ABC-SMC
fitting. The Hoaxy-imported “Should One Tweet End a Career?” case is retained only as an
auxiliary comparative trajectory, while the Albanian case is retained as a synthetic validation
example for checking that the pipeline can support low-resource claim inputs when an

appropriate temporal schema is available.
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Table 3.8. Detection gate and cascade-selection decision before temporal-network modelling.

Case p(fake|x) | Interaction evidence Decision

COVID-19 Twitter/X fake- 0.914 Timestamped  directed Cascade analysis;
news claim Twitter/X interactions transferred to SIR/SEIZ
Hoaxy / OSoMeNet “Three = 0.963 Claim-scoped retweet = Cascade analysis;
million votes” claim cascade transferred to SIR/SEIZ
“Should One Tweet End a 0.874 Small Hoaxy-style Comparative trajectory
Career?” Hoaxy-imported temporal cascade only

claim

Synthetic Albanian fake- | 0.918 Generated Hoaxy-style = Validation only

news claim temporal schema

All selected items exceeded the decision threshold and were therefore eligible for temporal
inspection. However, eligibility does not mean that all cases carry the same evidential weight.
The two large empirical cascades support model fitting because they contain sufficient
observed interaction volume and chronological structure. The auxiliary Hoaxy-imported case
and the Albanian synthetic case are useful for comparison and validation, but they are not
treated as equal empirical bases for the posterior-inference and intervention results later in the
chapter.

The gate therefore performs a methodological narrowing function. It moves the chapter from
the general detection problem, where the unit of analysis is a labelled text item, to the cascade
problem, where the unit of analysis is a time-ordered set of user interactions associated with
one fake-news claim. This narrowed set supplies the observed I(t) curves required for SIR and
SEIZ modelling.

3.4.2 Observed infected-user trajectories

After cascade selection, the temporal evidence is reduced to two directly observed series.
Ihew(t) denotes the number of users who first appear as active spreaders within the selected
aggregation window, while I, (t) denotes the cumulative number of unique active spreaders
up to that time. In the empirical Twitter/X and Hoaxy cases, active spreading is derived from
retweet, quote or directed sharing evidence; in the Albanian case, it is derived from the
synthetic claim-labelled records used only for validation.

The reporting emphasis is the comparative cascade shape rather than a repeated case-by-case
reconstruction. For this reason, the principal numerical descriptors are consolidated in Table

3.9 and the four observed curves are merged in Figure 3.6. Detailed node counts, edge counts,
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component sizes and auxiliary graph summaries can be retained in Appendix D, where they
support reproducibility without weakening the compact results narrative in the main chapter.
Table 3.9 summarizes the principal cascade characteristics used later for SIR and SEIZ fitting.
The key point is not that every selected item becomes a full epidemic-inference case. Rather,
the table separates the empirical cascades with sufficient scale and temporal structure from the
auxiliary and validation examples that support interpretation but should not dominate the main
model-comparison claims.

Table 3.9. Cascade summary statistics used for the SIR/SEIZ transition.

Case Peak I,.,, @ Final I, Records Role in later analysis
COVID-19 Twitter/X fake- | 5,892 95,599 133,374 Principal empirical
news claim cascade

Hoaxy / OSoMeNet “Three @ 4,660 149,079 1,048,575 Principal empirical
million votes” claim cascade

“Should One Tweet End a 638 797 817 Auxiliary comparison
Career?”

Synthetic  Albanian fake- | 39 520 520 Pipeline validation only
news claim

This consolidation is important for assessment because it makes the evidence hierarchy
auditable. The record volume indicates whether the curve is estimation-ready or only
diagnostic; the final cumulative size supports normalization; and the peak incremental activity
summarizes burst intensity without requiring four separate textual reconstructions.

Figure 3.6 summarizes the observed incremental and cumulative infected-user trajectories
extracted from the selected cascades. The Hoaxy case exhibits the largest diffusion reach, while
the COVID-19 case shows repeated activity bursts over a longer observation period. The
“Should One Tweet End a Career?” cascade demonstrates delayed burst behaviour, whereas

the Albanian example is retained only for synthetic pipeline validation.
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(c) Should One Tweet End a Career?
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(d) Albanian synthetic validation
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Figure 3.6. Observed infected-user trajectories for selected fake-news cascades: (a) COVID-19
Twitter/X, (b) Hoaxy / OSoMeNet, (¢) “Should One Tweet End a Career?”, and (d) Albanian synthetic
validation.

This combined presentation removes the repeated figure-by-figure interpretation that
previously made the section appear methodological rather than empirical. The four panels show
that fake-news diffusion cannot be evaluated from final size alone. Some cascades grow
through sustained large-scale exposure, others through delayed reactivation, and the validation
case shows only that the pipeline can generate a model-ready trajectory under a controlled
schema.

For the transition to Section 3.5, the operational consequence is straightforward. The COVID-
19 Twitter/X and Hoaxy / OSoMeNet curves become the observed infected trajectories for the
SIR baseline and the SEIZ model. The auxiliary Hoaxy-imported and Albanian trajectories
remain outside the primary SIR/SEIZ fitting set because their role is comparative or validation-

oriented rather than posterior-inference evidence.
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3.4.3 Representative temporal-network structures

Directed temporal networks were constructed from timestamped user interactions following
the methodology defined in Chapter 2. The resulting structures preserve chronological
interaction order and provide the infected-user trajectories used later for epidemic modelling.
In this results section, the network discussion is kept deliberately compact: the figures verify
the existence of directed diffusion structures, while the quantitative modelling uses the full
time-ordered cascade series rather than the reduced visual cores.

Only the two principal empirical networks are retained in the main text. The network
visualizations for the “Should One Tweet End a Career?” and Albanian synthetic cases are
moved to Appendix D because they repeat the same visual logic but do not provide the main
empirical basis for SIR, SEIZ, ABC or ABC-SMC inference. This truncation keeps the chapter
focused on the two cascades that carry the strongest modelling evidence.

The retained visual evidence has a limited but necessary role. It shows that the observed curves
are not isolated count sequences; they are generated by directed interaction structures in which
source hubs and relay users can concentrate exposure. The figure is therefore used to motivate
model transfer to SIR/SEIZ, not to introduce a second round of network-method explanation.
Figure 3.7 (a)(b) illustrates representative temporal-network structures extracted from the two
principal empirical cascades. Both networks exhibit hub-centred diffusion patterns, with a
small number (400 nodes) of dominant source nodes and a large number of downstream
spreading users. The figure is included as a structural check that the observed I(t) trajectories

are generated by directed user-to-user diffusion rather than by unstructured aggregate counts.
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(a) COVID-19 Twitter/X fake-news cascade

Temporal-network core graph for the COVID-19 fake-news claim cascade

Directed edges represent from_user_id -> to_user_id retweet/spread interactions

@ source/ relay hubs downstream spreaders high-activity relays

(b) Hoaxy / OSoMeNet "Three million votes" cascade
Temporal-network core graph for the Hoaxy / 0SoMeNet fake-news claim cascade

Claim-scoped post-election retweet/spread interactions
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Figure 3.7. Core temporal-network examples for the two principal empirical cascades: (a) COVID-19
Twitter/X and (b) Hoaxy / OSoMeNet.

The visual cores are not used as substitutes for the full cascade data. They are reduced views
designed for readability. The SIR and SEIZ fitting in the next section is based on the observed
infected-user trajectories derived from the complete selected cascades, while the network
visualizations help interpret why hub and relay activity can accelerate the observed curve

before the epidemic model is fitted.
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Section 3.4 therefore completes the bridge from detection to temporal modelling. Transformer
probabilities establish which claims pass the fake-news screening gate; timestamped
interactions convert those claims into cascades; Iy, (t) and I,y (t) provide the empirical
spreading curves; and the representative networks confirm that the principal cases have
directed diffusion structures suitable for SIR/SEIZ analysis. The next section uses the COVID-
19 and Hoaxy / OSoMeNet trajectories as observed Iy,s(t) curves for epidemic-model
comparison.

This reporting choice preserves the role of Section 3.4 as a transition section rather than a
second methods chapter. Detailed cascade-summary tables, node/edge counts and auxiliary
network visualizations should remain in Appendix D, while the main chapter should retain only
the detection gate, cascade-selection table, consolidated trajectory summary and representative
empirical network evidence needed for the SIR/SEIZ transition.

3.5 Epidemic Diffusion Modelling Results

Section 3.5 reports the epidemic-modelling results obtained after the temporal cascades in
Section 3.4 were transformed into cumulative active-spreader trajectories. The purpose of this
section is empirical: it reports how the SIR baseline and the SEIZ model behaved when they
were fitted to the observed I.,,(t) curves of the two principal fake-news cascades. The
methodological definitions of the compartments, transition rules, equations, fitting distance and
simulator assumptions are not repeated here because they were established in Chapter 2. The
SIR-SEIZ comparison reported here extends the author's SoftCOM 2025 study on fake-news
identification and epidemic-model comparison on Twitter temporal networks [88].

Both epidemic models were fitted to the cumulative infected-user trajectories extracted from
the COVID-19 Twitter/X cascade and the Hoaxy / OSoMeNet “Three million votes in the
Presidential Election were cast by illegal aliens” cascade. The two cases provide different
diffusion conditions. The COVID-19 cascade is longer and more irregular, with repeated bursts
and late reactivation. The Hoaxy cascade is larger and more politically concentrated, with a
smoother cumulative growth pattern after the main activation phase. This contrast is useful
because it tests whether the models behave consistently across different misinformation
domains and temporal shapes.

The SIR model is retained as a transparent baseline because it provides a simple reference curve
for direct spreading and subsequent inactivity. SEIZ is evaluated as the main fake-news
diffusion model because its fitted trajectory can represent delayed activation and non-spreading

behaviour through latent states. In Chapter 3 these states are interpreted only through model fit
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and trajectory shape. They are not treated as direct observations of private belief, because the
empirical data contain visible retweets, timestamps and user-to-user interactions rather than
complete exposure or belief histories.

The results are therefore reported through curve-level performance rather than through a new
theoretical derivation. The key quantities are relative L2 fitting error, RMSE, MAE and the
final fitted cumulative active-spreader count. Lower errors indicate that the model more closely
reconstructs the observed I.,,(t) trajectory. The central question is whether the additional
SEIZ structure produces an empirical improvement large enough to justify its use in the
subsequent ABC and ABC-SMC calibration stage.

3.5.1 Model Fitting Results

Table 3.10 summarizes the principal epidemic-model fitting results for SIR and SEIZ across
the two empirical cascades. The table replaces the separate setup and result tables used in the
earlier draft, because the experimental unit is the same in all cases: the observed daily
cumulative trajectory of unique active spreaders. This compact form also keeps Chapter 3
aligned with its results-oriented role, while the modelling details remain in Chapter 2 and the
supplementary materials.

Table 3.10. Summary of epidemic-model fitting results for the two empirical fake-news cascades.

Dataset / empirical Model Relative L2 A RMSE MAE Final

cascade observed /
fitted I .ym

COVID-19 Twitter/X SIR 0.1626 9,958.4 7,793.3 95,599 /

fake-news claim 73,510

COVID-19 Twitter/X | SEIZ 0.0463 2,838.9 2,092.6 95,599 /

fake-news claim 84,921

Hoaxy /  OSoMeNet SIR 0.0511 4,150.2 3,560.2 149,079 /

“Three million votes” 143,396

fake-news claim
Hoaxy / OSoMeNet SEIZ 0.0469 3,809.7 3,200.6 149,079 /
“Three million votes” 140,408

fake-news claim
The COVID-19 cascade shows the clearest difference between the two models. The SIR
baseline produces a relative L2 error of 0.1626 and predicts a final cumulative value of 73,510
active spreaders, compared with the observed 95,599. This underestimation indicates that the

simple baseline captures the early acceleration only partially and reaches saturation too early.
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The result is consistent with the visual structure of the observed curve in Section 3.4, where
the cascade includes delayed bursts rather than one smooth wave.

SEIZ substantially improves the reconstruction of the same COVID-19 cascade. The relative
L2 error decreases to 0.0463, while RMSE and MAE fall to 2,838.9 and 2,092.6 respectively.
The fitted final cumulative value of 84,921 remains below the observed endpoint, but the
trajectory follows the middle and late portions of the empirical curve much more closely than
SIR. This improvement is important because the COVID-19 case is the more difficult of the
two empirical cascades: it is longer, less regular and more affected by reactivation across the
observation window.

The Hoaxy / OSoMeNet political fake-news cascade presents a different pattern. The SIR
baseline already provides a relatively strong approximation, with a relative L2 error of 0.0511
and a fitted endpoint of 143,396 compared with the observed 149,079. This suggests that the
cumulative growth of the Hoaxy cascade is closer to a single large-scale diffusion process than
the COVID-19 cascade. Nevertheless, the SIR trajectory still smooths over the main
acceleration phase and compresses the behavioural interpretation into a single active-spreading
process.

The SEIZ fit for the Hoaxy cascade produces a modest but still meaningful improvement. The
relative L2 error decreases to 0.0469, with lower RMSE and MAE than the SIR baseline. The
endpoint is slightly less close than the SIR endpoint, but the overall curve distance is better,
which is the main criterion used for model comparison in this section. This distinction matters
because the modelling objective is not only to reproduce the final count, but also to match the
shape of the observed cumulative trajectory across time.

Across both cascades, the table supports a consistent result: SEIZ improves the trajectory-level
fit even when the magnitude of improvement differs by dataset. The improvement is large for
the multi-burst COVID-19 cascade and smaller for the smoother Hoaxy cascade. This pattern
indicates that delayed exposure and non-spreading behaviour are most important when the
misinformation process is temporally irregular, but they remain useful even when the
cumulative curve is more regular.

Figure 3.8 compares the observed cumulative spreading trajectories with the SIR and SEIZ
predictions for both empirical cascades. In the COVID-19 case, the SIR curve reaches
saturation too early, whereas the SEIZ curve follows the observed trajectory more closely
across the main growth interval. In the Hoaxy case, both models are closer to the empirical
curve, but the SEIZ trajectory still gives a slightly lower overall fitting error. The figure

therefore visually confirms the numerical pattern reported in Table 3.10.

121



K. Vula: Transformer-Based Detection and Epidemic-Model Analysis of Fake-News Dynamics on Social Network

SIR versus SEIZ fitted cumulative fake-news spreading curves
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Figure 3.8. SIR versus SEIZ fitted cumulative fake-news spreading curves for the two empirical
cascades.
The fitted curves also clarify why endpoint accuracy alone is not sufficient. A model may

produce a final cumulative value close to the observed endpoint while still misrepresenting the
timing and shape of growth. For fake-news diffusion, timing is central because early
acceleration and late reactivation affect forecasting and intervention analysis. For this reason,
the subsequent ABC and ABC-SMC stages use the curve-level fit and summary statistics rather
than relying only on final cascade size.

3.5.2 SIR-SEIZ Comparative Analysis

SEIZ consistently outperformed the simpler SIR baseline in trajectory-level error. For the
COVID-19 cascade, the relative L2 error decreased from 0.1626 to 0.0463, corresponding to
an approximately 71.5% reduction. This is the strongest result of Section 3.5, because it shows
that the richer diffusion structure is not only theoretically plausible but empirically necessary
for this public-health misinformation cascade. The observed COVID-19 trajectory contains
delayed growth and repeated activation patterns that cannot be represented adequately by a
single direct spreading-and-removal baseline.

For the Hoaxy / OSoMeNet cascade, the improvement is smaller but still directionally
consistent. The relative L2 error decreases from 0.0511 under SIR to 0.0469 under SEIZ, an
approximately 8.2% reduction. This smaller difference suggests a more regular diffusion
process in which the SIR baseline is already competitive. However, the SEIZ result remains
preferable because it improves the full-trajectory distance and provides a more realistic
representation of delayed activation and non-spreading behaviour, which are central to

misinformation diffusion.
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The different size of improvement across the two cascades is scientifically useful. It shows that
the value of SEIZ is not uniform across all fake-news processes. When the cascade is irregular,
delayed and multi-burst, the benefit is substantial. When the cascade is smoother and
dominated by a large political activation process, the improvement is more moderate. This
distinction strengthens rather than weakens the thesis argument, because it shows that the
model comparison is sensitive to empirical cascade shape rather than imposed as a purely
theoretical preference.

The SIR baseline remains important because it provides an interpretable lower-complexity
reference. Its role in the thesis is not to be discarded, but to establish how much explanatory
and predictive benefit is obtained by moving to SEIZ. In both empirical cases, SIR identifies
the broad cumulative growth pattern, while SEIZ reduces the mismatch that arises when
exposure, delayed adoption or non-spreading behaviour influence the observed curve. The
comparison therefore supports a layered modelling strategy: use SIR as a baseline, but use
SEIZ as the main model for posterior inference and intervention analysis.

The results also support the methodological boundary between Chapter 2 and Chapter 3.
Chapter 2 defined the SIR and SEIZ mechanisms and explained why SEIZ is theoretically
appropriate for fake-news diffusion. Chapter 3 now shows what happened when those models
were fitted to empirical cascades. The observed improvement of SEIZ provides the result-level
justification for using the SEIZ structure in the ABC and ABC-SMC calibration stage reported
in Section 3.6.

From a practical perspective, the comparative result means that a fake-news cascade should not
be interpreted only as immediate transmission from one active spreader to another. The fitted
SEIZ behaviour suggests that a visible retweet curve may contain latent delay, hesitation,
correction, non-sharing and reactivation effects. These effects are especially important for
public-health misinformation, where users may encounter a claim multiple times, delay
sharing, or react after later events renew attention to the topic.

The comparison therefore has a direct implication for downstream risk analysis. If SIR
underestimates the late cumulative growth of a cascade, then intervention timing and forecasted
risk may also be underestimated. SEIZ reduces this risk by allowing the fitted trajectory to
remain responsive to delayed activation. This makes SEIZ the preferred epidemic model for
the posterior predictive and counterfactual stages, while SIR remains a compact baseline for

auditability and model comparison.
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3.5.3 Compartment-Transition Interpretation

The fitted compartment trajectories provide an additional result-level interpretation of the SIR-
SEIZ comparison. They do not introduce new methodology; they show how the fitted models
allocate the observed diffusion process across internal states. The purpose is to make the
difference between the baseline and the main model visible without repeating the equations or
theoretical definitions already given in Chapter 2.

The most informative example is the COVID-19 cascade, because this is the case where the
numerical improvement from SEIZ is strongest. The SIR trajectory compresses the cascade
into a direct movement between active spreading and inactivity, which creates an early
saturation pattern. The SEIZ trajectory distributes part of the process into exposed and skeptic
or non-spreading states, allowing the model to represent delayed activation and incomplete
adoption more explicitly. This allocation explains why SEIZ follows the empirical cumulative
curve more closely.

Figure 3.9(a)(b) illustrates representative compartment dynamics for the COVID-19 fake-news
cascade. Compared with SIR, SEIZ allocates users into exposed and skeptic/non-spreading
states, allowing delayed activation and non-spreading behaviour to be represented explicitly.
The figure is included as a compact representative example because the Hoaxy compartment
plots produce the same interpretive conclusion with smaller marginal benefit; the detailed
Hoaxy compartment trajectories can therefore remain in the supplementary material rather than
consuming additional space in the main results chapter. Supplementary Hoaxy / OSoMeNet
compartment-transition plots are provided in Figures H.8 and 1.9 of Appendix H.

The figure should be interpreted as a model-based decomposition of the fitted cascade, not as
direct evidence of individual belief states. The empirical data show visible spreading events
and timestamps. They do not show all impressions, private exposures, silent rejections or
individual psychological decisions. Therefore, the exposed and skeptic components are useful
latent modelling categories, but they should not be overinterpreted as directly observed user

attitudes.
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(a) SIR compartment trajectory for the COVID-19 cascade
SIR compartment transitions for COVID-19 Twitter/X fake-news cascade
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(b) SEIZ compartment trajectory for the COVID-19 cascade
SEIZ compartment transitions for COVID-19 Twitter/X fake-news cascade
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Figure 3.9. Representative compartment-transition interpretation for the COVID-19 cascade: SIR and
SEIZ fitted trajectories.
The compartment interpretation reinforces the error results in Table 3.10. The COVID-19

cascade is not well represented by a simple direct-spreading curve because part of its growth
occurs after delays and secondary activation periods. SEIZ can reproduce this behaviour more
effectively because it does not require every interaction to become immediate active spreading.
In this sense, the compartment curves provide an explanatory bridge between the observed
temporal cascade in Section 3.4 and the posterior inference in Section 3.6.

For the Hoaxy / OSoMeNet cascade, the fitted model comparison is more balanced. SIR already
reconstructs much of the cumulative trajectory, which is consistent with the smoother large-
scale growth pattern. However, the SEIZ fit remains preferable because it provides lower
curve-level error and a more detailed interpretation of delayed exposure before active
spreading. The smaller improvement for Hoaxy therefore does not contradict the COVID-19
result; rather, it indicates that the empirical value of the additional SEIZ states depends on the

cascade shape.
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Taken together, the fitting results and compartment interpretation support the use of SEIZ as
the primary epidemic model in the remainder of Chapter 3. SIR remains valuable for
transparency, but SEIZ provides the stronger empirical basis for ABC and ABC-SMC
calibration. The next section therefore estimates uncertainty around the epidemic parameters
using likelihood-free posterior inference, rather than relying only on deterministic point fits.
This conclusion is deliberately limited to the two principal empirical cascades used in the
thesis. It does not claim that SEIZ is universally superior for every misinformation dataset or
platform. It shows that, under the retained COVID-19 and Hoaxy / OSoMeNet cascades, the
SEIZ structure gives better or more informative reconstruction of fake-news diffusion than the
SIR baseline. That result is sufficient for the thesis pipeline because the ABC and intervention
analyses require a calibrated diffusion model that can represent exposure delay and non-
spreading behaviour under uncertainty.

The model-comparison result also clarifies how Section 3.5 supports the wider dissertation
argument. Transformer detection identifies candidate fake-news content, while the temporal-
network layer shows whether that content develops into an observable cascade. The epidemic
layer then tests whether the resulting I, (t) curve can be reconstructed by a simple baseline
or whether additional latent diffusion structure is required. In both empirical cases, SEIZ
provides the stronger basis for this bridge because it preserves the observed cumulative
trajectory more effectively than SIR and remains interpretable for later posterior analysis.
Accordingly, Section 3.5 establishes the empirical transition to Section 3.6. The next stage does
not re-fit the models only as deterministic curves; it estimates uncertainty around the diffusion
parameters and evaluates posterior predictive behaviour. This is necessary because the
observed cascades are incomplete traces of platform activity. The deterministic fits reported
here show which epidemic structure should be carried forward, while ABC and ABC-SMC test
how stable that structure remains when parameter uncertainty and hidden exposure are
considered.

3.6 ABC and ABC-SMC Inference Results

The deterministic SIR and SEIZ results in Section 3.5 provide useful point estimates, but they
do not report uncertainty around the diffusion parameters. Section 3.6 therefore applies
Approximate Bayesian Computation (ABC) and sequential ABC-SMC to the two principal
empirical cascades: the COVID-19 Twitter/X fake-news claim and the Hoaxy / OSoMeNet
“Three million votes” claim. The section is intentionally compact and results-oriented: it

reports the inference setup, the posterior summaries, the posterior predictive validation, and the

126



K. Vula: Transformer-Based Detection and Epidemic-Model Analysis of Fake-News Dynamics on Social Network

convergence evidence needed before the intervention scenarios in Section 3.7. The ABC-based
uncertainty layer is directly connected to the author's TechDefense 2025 work on BigBird-
assisted SEIZ modelling with Approximate Bayesian Computation [89].

3.6.1 Inference setup and posterior estimation

ABC was applied to account for partially observed diffusion processes. The observed object is
the infected-user trajectory extracted from the temporal-network layer, while the simulator
generates SIR or SEIZ trajectories under candidate parameter vectors. Candidate particles are
accepted when the simulated curve and the observed curve are sufficiently close under a
combined distance criterion.

The inference target remains the SEIZ model because Section 3.5 showed that SEIZ better
represents delayed exposure and non-spreading behaviour in fake-news cascades. SIR is
retained as a transparent baseline for posterior comparison. Table 3.11 reports only the
observed cascade statistics needed to define the ABC target; longer summary vectors and run
logs are reserved for the appendices.

Table 3.11 keeps the ABC target evidence at cascade level. The COVID-19 case has a smaller
final reach but a longer and more irregular activity profile, while the Hoaxy case reaches a
larger final size over a shorter window. This difference motivates dataset-specific posterior
inference rather than transferring one parameter set across both cascades.

Table 3.11. Observed cascade summary statistics used for ABC inference.

Dataset Final size Peak day | Peak I ey Time-to-
peak

COVID-19 Twitter/X fake-news claim 95,599 179 5,892 179

Hoaxy / OSoMeNet “Three million 149,079 115 4,660 115

votes” claim
The ABC distance combines trajectory agreement with standardized summary statistics. The
curve component received greater weight because the main objective is to reproduce the full
infected-user trajectory, not only the endpoint or peak.

dcurve (9) =

||Isim (tle)_lobs(t) "2
obs(Ol,

(3.1)

dapc(0) = Weurvedeurve (6) + Woumsummary(6),  Weurve > Wsum (3.2)
The posterior summaries in the main chapter are restricted to the quantities required for
interpretation: accepted particles, mean accepted distance, final tolerance, and key parameters.
Detailed posterior intervals are provided in Appendix G; the main chapter reports only the

principal parameter summaries.
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Table 3.12 shows the same pattern observed in the deterministic modelling stage. ABC-SIR is
adequate as a low-dimensional baseline, especially for the smoother Hoaxy cascade, but its
accepted distance is higher for the COVID-19 cascade. ABC-SEIZ produces lower accepted
distances and retains a parameter structure that can represent delayed adoption, partial rejection
and stopping from active spreading.

Table 3.12. Posterior estimate summary for ABC-SIR and ABC-SEIZ.

Dataset Model Particles | Mean Tolerance Key parameters
distance

COVID  ABC-SIR 300 0.175 0.186 B=.195; y=.102; Ro=1.92

COVID  ABC- 400 0.071 0.092 B=1.076; b=.129; p=.698; 1=.0915;
SEIZ v=.271; 6=.399

Hoaxy ABC-SIR 300 0.060 0.075 B=.055; y=.005; Ro=10.6

Hoaxy ABC- 400 0.055 0.064 B~0; b=2.000; p=.0118; 1=.0359;
SEIZ €=.0428; y=.0086

The posterior values are not interpreted as direct psychological measurements of individual
users. They are uncertainty-aware diffusion parameters that reproduce the observed cascade
under the SEIZ state assumptions and are therefore suitable for posterior predictive checking.
3.6.2 Posterior predictive validation

Posterior predictive validation checks whether the accepted particles reproduce the empirical
infected-user curves. The comparison is made against the same observed cumulative
trajectories used in Section 3.5, but the presentation is compressed into one combined figure
instead of repeating separate COVID and Hoaxy analyses.

Figure 3.10(a)(b) compares deterministic and uncertainty-aware epidemic trajectories. ABC-
SEIZ preserves the SEIZ fit while adding posterior uncertainty intervals.

The combined figure summarizes the posterior predictive validation without repeating separate
trajectory discussions for each cascade. In the COVID-19 cascade, SIR saturates too early and
underestimates late cumulative growth, while SEIZ and ABC-SEIZ remain closer to the
observed curve. In the Hoaxy cascade, SIR is already competitive because the growth pattern
is smoother, but ABC-SEIZ still provides the preferred uncertainty-aware representation. The
result-bearing point is therefore the same for both datasets: posterior uncertainty strengthens

the SEIZ interpretation without reopening the full methodological explanation of ABC.
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(a) COVID-19 Twitter/X cascade
SIR, SEIZ and ABC-SEIZ fitted cumulative spreading curves: COVID-19
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Figure 3.10. SIR, SEIZ and ABC-SEIZ fitted cumulative fake-news spreading curves for the two
empirical cascades.

Figure 3.11 compares fitting-error distributions across models. ABC-SEIZ yields the narrowest
distribution and the lowest overall error, while SIR is shifted toward larger reconstruction
errors. The figure therefore adds new evidence beyond a single trajectory plot because it

summarizes the stability of the error reduction across posterior predictive simulations.
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Figure 3.11. Fitting-error distributions for SIR, SEIZ and ABC-SEIZ models.
The posterior predictive evidence supports a concise conclusion. SIR remains useful as a

reference model, but the ABC-SEIZ layer is the main inferential output of Section 3.6 because
it combines the stronger SEIZ trajectory fit with uncertainty-aware calibration. Detailed
posterior predictive error values are provided in Appendix D rather than repeated as another
main-chapter table.

3.6.3 ABC-SMC convergence and forecast calibration

ABC-SMC refines the ABC posterior population by reducing the tolerance across generations.
The purpose of the convergence check is not to introduce another epidemic model, because the
state structure remains SEIZ; it is to verify that sequential calibration moves the accepted
particles toward closer posterior predictive reconstruction.

Table 3.13 reports the convergence quantities needed in the main chapter. Both datasets use
four generations, and both end with final accepted distances below the final tolerance. The
COVID-19 cascade retains a higher final distance because its multi-burst trajectory is harder
to reproduce than the smoother Hoaxy cascade.

Table 3.13. ABC-SMC convergence summary for the SEIZ fake-news diffusion model.

Dataset Generations Initial Final ¢ Final distance
COVID 4 0.30 0.092 0.070
Hoaxy 4 0.18 0.063 0.055

The convergence evidence is intentionally limited to accepted distance and tolerance reduction.
No additional network construction details are repeated here, because the temporal
reconstruction has already been reported in Section 3.4 and the deterministic SIR/SEIZ

comparison in Section 3.5.
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Substantively, the convergence pattern shows that posterior uncertainty is narrowed by the
cascade evidence rather than left at the prior level. The COVID-19 schedule still closes at a
wider distance, which is consistent with repeated bursts, while the Hoaxy schedule closes more
tightly, which is consistent with smoother saturation.

These convergence results are used only as a calibration check. They do not duplicate the
SIR/SEIZ model comparison and do not introduce new cascade statistics. The following figures
therefore move directly to aggregate predictive error and held-out forecast performance.
Figure 3.12.(a)(b) shows that ABC-SMC progressively reduced accepted distances across
generations, indicating stable posterior convergence. The Hoaxy profile is tighter by the final
generation, while the COVID-19 profile remains wider because repeated activity bursts make
the trajectory less regular. This supports the use of ABC-SMC as a calibration refinement
before the forecast and intervention analyses.

(a) COVID-19 Twitter/X cascade
ABC-SMC convergence: COVID-19 real Twitter/X fake-news cascade
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(b) Hoaxy / OSoMeNet cascade

ABC-SMC convergence: Hoaxy / OSoMeNet "Three million votes" fake-news cascade
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Figure 3.12. ABC-SMC convergence profiles for the COVID-19 and Hoaxy / OSoMeNet cascades.
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The convergence result should be read as evidence of sequential calibration, not as a claim that
ABC-SMC changes the underlying diffusion mechanism. The mechanism remains SEIZ; the
improvement comes from a more selective posterior population under a decreasing tolerance
schedule.

The final calibration comparison is most clearly reported through the aggregated posterior
predictive error figure. The two separate ABC-SEIZ versus ABC-SMC-SEIZ trajectory figures
are omitted because they repeat information already visible in the main fit plots. The aggregated
comparison in Figure 3.13 summarizes the calibration advantage more concisely.

Figure 3.13 shows that sequential calibration reduces the normalized predictive errors for both
cascades. For the COVID-19 case, ABC-SMC-SEIZ reduces the relative L2 error by about
16.2% compared with ABC-SEIZ. For the Hoaxy case, the corresponding reduction is about
16.4%. Detailed RMSE and MAE values are provided in Appendix D, while the main text

retains only the result-bearing comparison.

Posterior Predictive Error Comparison
ABC-SEIZ vs ABC-SMC-SEIZ
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Figure 3.13. Comparative posterior predictive error of ABC-SEIZ and ABC-SMC-SEIZ across the
two principal empirical fake-news cascades.
The last validation step evaluates whether the calibrated ABC-SMC-SEIZ layer supports short-

horizon forecasting. The model is calibrated on an earlier segment of each cascade and then
used to forecast the held-out cumulative trajectory. This is a limited near-term forecast under
uncertainty, not an unconditional prediction of future platform behaviour.

Figure 3.14 evaluates out-of-sample short-horizon forecasting. The calibrated ABC-SMC-
SEIZ model follows the observed saturation trend, although the COVID-19 forecast
underestimates late growth. The result demonstrates that the calibrated framework supports

limited near-term forecasting under uncertainty.
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Figure 3.14. Out-of-sample short-horizon ABC-SMC-SEIZ posterior predictive forecast for the
COVID-19 and Hoaxy / OSoMeNet cascades.
Overall, Section 3.6 demonstrates a compact result chain: ABC defines the likelihood-free

posterior setup, Table 3.12 reports the main posterior estimates, Figure 3.10 and Figure 3.11
validate the predictive fit, and Table 3.13 with Figure 3.12 verifies ABC-SMC convergence.
The aggregated error and forecast figures then justify using the calibrated SEIZ posterior as the
basis for the counterfactual scenarios in Section 3.7. Supplementary posterior-predictive and
ABC-SMC calibration plots are provided in Figures H.10-1.13 of Appendix H.

3.7 Intervention Scenario Analysis

The intervention component is retained as a concise counterfactual scenario analysis rather
than as a separate causal policy experiment. The purpose is to test how the same calibrated
fake-news claim cascades would change if selected SEIZ parameters were perturbed after an
intervention trigger time. The results should therefore be read as controlled model-based

scenario rankings, not as estimates of real platform policy effects.
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The numerical values in this section remain relative to the ABC-SEIZ posterior-median
baseline because the intervention simulations were generated from that baseline in the Chapter
3 run. The ABC-SMC-SEIZ calibration and the out-of-sample short-horizon forecast in Section
3.6.4 provide robustness evidence that the calibrated SEIZ structure can reproduce and forecast
cumulative spreading behaviour, but they do not convert the intervention scenarios into direct
ABC-SMC policy estimates. A future rerun with raw ABC-SMC posterior samples could
update the same scenario table with posterior intervention intervals.

The analysis is restricted to the two principal empirical cascades used for SIR, SEIZ and
ABC/ABC-SMC inference: the COVID-19 real Twitter/X fake-news claim and the Hoaxy /
OSoMeNet "Three million votes" fake-news claim. Corrective debunking changes adoption
and correction-related parameters, visibility reduction changes direct spreading and exposure
pressure, and early combined mitigation applies both mechanisms before the main cascade
acceleration. Table 3.14 condenses the intervention evidence into one main-chapter summary
table, while the full parameter perturbation tables are retained in Appendix D.

Table 3.14 keeps the intervention evidence in the main chapter while avoiding an overly long
policy-simulation section. The strongest result is the early combined mitigation scenario, which
reduces final cumulative active spreaders by 34.2% in the COVID-19 cascade and by 16.6%
in the Hoaxy / OSoMeNet cascade. The delayed scenarios show much smaller reductions and
leave the observed peak unchanged, confirming that the timing of intervention is more
important than the intervention label alone.

Table 3.14. Concise counterfactual intervention scenario summary under the ABC-SEIZ posterior-

median baseline.

Dataset Strongest Strongest Additional gain | Main
debunking visibility / interpretation
scenario mitigation
scenario
COVID-19 Early debunking - Early combined 8,833 fewer final The multi-burst
Twitter/X fake- strong: final mitigation: final active spreaders COVID-19
news claim Teum (£) = 64,695;  [.um(t) =55,862; than the strongest cascade benefits
peak Ihew(t) = peak [ew(t) = debunking most when
343; 23.9% final- 327; 34.2% final- scenario; +10.3  corrective effects

size reduction.

size reduction.

percentage points
in final-size

reduction.

are combined with
early visibility

reduction.
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Hoaxy / | Early debunking - | Early combined | 15,087 fewer | The political fake-
OSoMeNet strong: final | mitigation: final @ final active | news cascade is
"Three million @[ ,,(t) = Ieum(t) = | spreaders than the | less responsive to
votes'' fake-news  135,071; peak | 119,984;  peak @ strongest correction-only
claim Lnew() = 1,926;  Ihew(t) = 1,584; debunking changes and more
6.1% final-size | 16.6% final-size | scenario; +10.5 | responsive to
reduction. reduction. percentage points | early control of
in final-size | visibility and relay
reduction. exposure.

This concise intervention analysis completes the empirical pipeline without overclaiming
causal platform effects. Transformer detection supplies the warning signal, temporal-network
monitoring identifies early acceleration, SEIZ translates the cascade into diffusion
mechanisms, ABC/ABC-SMC quantifies uncertainty and short-horizon predictability, and the
counterfactual layer tests which parameter changes would most strongly reduce the same fake-
news claim cascade.

The comparison between the two cascades is also important for interpretation. The COVID-19
Twitter/X cascade remains sensitive to early combined action because its multi-burst pattern
leaves several windows in which visibility reduction and corrective pressure can still reduce
final reach. The Hoaxy / OSoMeNet political cascade is more resistant to debunking alone,
indicating that highly amplified political claims may require early reduction of relay exposure
in addition to corrective messaging. These results support the thesis argument that intervention
reasoning must be linked to observed temporal dynamics rather than applied as a generic after-
the-fact policy label.

The scenario ranking also shows that timing and mechanism interact. A correction-oriented
intervention can reduce the final cumulative curve only if enough users have not yet entered
the active-spreading process. Once the cascade has already reached its peak or passed through
its main relay users, correction alone has limited effect on the observed spreading trajectory.
Early combined mitigation performs better because it acts on both interpretation and exposure:
it reduces the probability of continued adoption while also limiting the visibility conditions
under which additional users become exposed to the claim.

For thesis interpretation, the intervention analysis should therefore be treated as the final result-
bearing extension of the posterior diffusion framework. It does not claim to evaluate an actual
moderation policy, and it does not infer individual user belief. It shows what happens inside

the calibrated SEIZ mechanism when intervention-relevant parameters are changed in a
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controlled way. This is sufficient for Chapter 3 because the aim is to demonstrate how
detection, temporal monitoring, epidemic modelling and Bayesian calibration can support

cautious, reproducible and auditable scenario reasoning.

3.8 Integrated Discussion

The results indicate that fake-news risk cannot be explained through content detection alone.
High classification performance provides an initial warning signal, but social risk emerges
when rapid activation, network amplification and sustained diffusion occur simultaneously.
SEIZ consistently outperformed SIR by incorporating exposed and skeptic states, while ABC-
SMC improved calibration and predictive reliability. Together, the framework integrates
content detection, diffusion analysis and uncertainty-aware inference.

The first empirical lesson of Chapter 3 is that fake-news detection and fake-news diffusion
measure different aspects of the same phenomenon. The Transformer experiments show
whether a textual item, article or claim can be classified as fake or real with strong accuracy,
F1-score and ROC-AUC. These metrics are necessary because an unreliable content detector
would weaken every later stage of the framework. However, they do not show whether a false
claim will remain local, reach a small audience, or become a persistent cascade. A high fake-
class probability therefore becomes operationally meaningful only when it is connected to
temporal monitoring.

The temporal-network results provide this second layer of evidence. By converting selected
fake-news claims into I (t), I.um(t), directed user-to-user edges, hubs, relay users and
temporal reachability patterns, the chapter shows how diffusion risk becomes observable. The
COVID-19 real Twitter/X fake-news claim and the Hoaxy / OSoMeNet "Three million votes"
fake-news claim are the strongest empirical cases because they provide sufficient temporal
structure for epidemic modelling and posterior inference. The additional Hoaxy-imported and
synthetic Albanian cases remain useful for comparative and validation-oriented interpretation,
but they are not treated as equivalent inferential evidence for ABC/ABC-SMC intervention
conclusions.

The third empirical lesson is that the epidemic analogy is useful only when it is interpreted as
a modelling approximation. SIR provides a simple baseline for cumulative spreading, but it
assumes a direct susceptible-infected-recovered structure that is too restrictive for fake-news
diffusion. Fake-news cascades contain delayed exposure, hesitation, non-sharing after
exposure, correction, skepticism and repeated activation. SEIZ is better aligned with these

mechanisms because it allows exposed users and skeptic or non-spreading users to be

136



K. Vula: Transformer-Based Detection and Epidemic-Model Analysis of Fake-News Dynamics on Social Network

represented explicitly. This explains why the SEIZ results are more suitable for the selected
empirical cascades than the simpler SIR baseline.

ABC and ABC-SMC strengthen the analysis by moving the thesis away from single
deterministic parameter estimates. The posterior results show that fake-news diffusion
parameters should be interpreted with uncertainty, especially when cascades are noisy,
incomplete or multi-burst. ABC provides a likelihood-free route to plausible parameter regions,
while ABC-SMC refines this process through sequential tolerance reduction and improves
posterior predictive calibration. The short-horizon I, (t) forecast further shows that the
calibrated SEIZ structure has predictive value beyond retrospective curve fitting, although the
forecast remains horizon-specific and should not be interpreted as unconditional platform
prediction.

This figure is retained instead of the former duplicated pipeline table because the visual
structure is sufficient to explain the methodological flow. It shows that the chapter is not a
sequence of unrelated experiments: the Transformer layer supplies the content-risk signal, the
temporal-network layer converts selected claims into observable cascades, SIR and SEIZ
translate the spreading curves into diffusion mechanisms, and ABC/ABC-SMC estimates
uncertainty and posterior predictive behaviour. The pipeline therefore gives the examiner a
clear path from the classification results to the diffusion and intervention results.

Proposed Framework Flowchart

1. Transformer 2. Temporal Fake-News 3. SIR/SEIZ 4. ABC / ABC-SMC
Detection Cascade Analysis Modelling Posterior Inference

Fch-ncws_cilam]/ . !Jsc'r-lo-uscr Baseline SIR Paranwlgr uncertainty
article classification I diffusion network I I estimation
QR Posterior predictive
Content-based datasets I (t) and I, (t Main SEIZ model OIPIS
e (£) and Loy (£) ot Ao
Probability of fake-news Cascade structure and Observed spreading- Credible intervals and
detection activation dynamics curve fitting predictive trajectories
(. £, J \. J . J
Integrated thesis logic: detection -> diffusion analysis -> epidemic modelling -> uncertainty-aware inference

Figure 3.15. Hybrid framework flowchart of the Chapter 3 pipeline from Transformer-based fake-news
detection to temporal cascade analysis, SIR/SEIZ diffusion modelling, and ABC/ABC-SMC posterior
inference. The integrated framework links detection, temporal analysis, epidemic modelling and
posterior inference into a unified pipeline.

The intervention findings must be read within this integrated logic. The counterfactual

scenarios do not prove that a real social-media platform would produce the same effects after

amoderation action. Instead, they rank how the calibrated cascades respond when key diffusion
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parameters are changed under controlled assumptions. The strongest reductions occur when
visibility reduction and corrective pressure are applied early, before the cascade has reached its
main acceleration phase. This supports the argument that fake-news mitigation should be
evaluated in relation to timing, diffusion state and network amplification rather than through
content classification alone.

Baseline Posterior Fake-News Diffusion-Risk Functional. The functional is retained only as
a compact synthesis of Chapter 3 outputs, because its methodological definition has already
been introduced in Chapter 2. Its role here is not to introduce a new epidemic model or to
replace SEIZ. Instead, it connects three already reported quantities: the Transformer-estimated
fake-news probability, the temporal-network amplification observed in the cascade, and the
ABC-SMC-SEIZ posterior predictive growth over the selected forecast horizon. The value of
the functional is therefore interpretive and traceable: each component can be inspected in the

preceding results rather than treated as an unsupported composite score.

A cum,c(t.1;0
Rbase (6, 1) = (o)1 + A (D] Eg s [Houmett] (33)

N¢

Figure 3.16 shows both the conceptual construction of the score and the two empirical
examples. The COVID-19 and Hoaxy / OSoMeNet cases should not be compared as universal
platform-risk rankings. They are horizon-specific demonstrations showing how the thesis
framework can convert detection, cascade amplification and posterior growth into a normalized
baseline risk quantity for a selected claim and time window.

The Transformer block supplies the fake-news probability, the temporal-network block
supplies amplification, and the ABC-SMC-SEIZ block supplies expected forecast growth.
Multiplying these components gives a baseline posterior diffusion-risk score for a selected
forecast horizon. The figure clarifies that the score is not an additional unvalidated models; it is

a compact bridge between the empirical outputs already generated by the chapter.
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Baseline Posterior Fake-News Diffusion-Risk Functional

Operational link between Chapter 3 framework layers and the two principal empirical cascades

Transformer Temporal ABC-SMC-SEIZ Baseline
detection P amplification > growth risk
fake-class probability hubs, relays, reach posterior forecast normalized score
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Detection p ¢ Detection p ¢
Amplification A(t) Amplification A(t)
Forecast growth D3g Forecast growth D3p
Baseline score R_30 Baseline score R_30

lllustrative calculation: lambda = 1 and forecast median; full estimator uses ABC-SMC posterior particles.

The functional synthesizes existing Chapter 3 outputs; it is not a replacement for the SEIZ model.

Figure 3.16. Operational demonstration of the baseline posterior fake-news diffusion-risk functional
linking Transformer detection, temporal-network amplification and ABC-SMC-SEIZ forecast growth
for the two principal empirical cascades.

The integrated discussion also clarifies the main limitation of the framework. The results

support a content-to-cascade interpretation of fake-news risk, but the framework does not infer
individual belief, intention or persuasion. A retweet, reply or repost is treated as an observable
diffusion event, not as direct proof that a user accepted the claim as true. Similarly, the skeptic
state in SEIZ is a modelling proxy for non-spreading or resistant behaviour, not a measured
psychological state. These boundaries make the conclusions scientifically cautious while
preserving the value of the temporal and Bayesian analysis.

Overall, the empirical evidence supports the central thesis claim: fake-news analysis becomes
stronger when detection, temporal cascades, epidemic modelling and posterior inference are
combined. The Transformer layer provides reliable content warning, the temporal-network
layer identifies whether the warning becomes socially active, SEIZ improves the mechanistic
representation of fake-news diffusion, ABC/ABC-SMC provides uncertainty-aware
calibration, and the intervention analysis translates the calibrated model into cautious scenario
reasoning. This integration is the main scientific value of Chapter 3.

For examination purposes, the most important conclusion is that each empirical layer answers
a different question. The detection layer asks whether the content is likely to be fake. The

temporal-network layer asks whether the claim is spreading and through which activation
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pattern. The SEIZ layer asks which diffusion mechanism best approximates the observed
trajectory. The ABC/ABC-SMC layer asks how uncertain the parameters and predictive
trajectories are. The intervention layer then asks which controlled parameter changes would
reduce the same calibrated cascade. This sequence is what distinguishes the proposed
framework from a stand-alone classifier or a purely descriptive network analysis.

The integrated framework also preserves methodological caution. It does not claim that every
highly classified fake-news item will become a large cascade, nor that every cascade can be
fully explained by epidemic compartments. It claims that combining content evidence with
temporal and posterior evidence provides a stronger basis for analysing social risk than using
any single layer alone. This is why Chapter 3 retains Figure 3.15 and Figure 3.16 as visual
synthesis tools: they make the logic of the thesis transparent without repeating the duplicate

tables that previously restated the same information in words.

3.9 Chapter Summary

This chapter evaluated the proposed framework across content-based and diffusion-oriented
datasets. Transformer models produced strong detection performance, while temporal-network
analysis identified spreading dynamics. SEIZ provided a stronger representation of fake-news
diffusion than SIR, and ABC/ABC-SMC added uncertainty-aware calibration and forecasting
capability. The results support studying fake-news risk as an integrated content-to-cascade
process.

The chapter also showed why the evidence layers should remain separated during
interpretation. Content-based datasets support binary fake-news classification and probability
scoring, whereas diffusion-oriented datasets support temporal cascade reconstruction,
epidemic modelling and posterior inference. This separation prevents classification metrics,
cascade statistics and intervention scenarios from being treated as interchangeable evidence.
The final empirical contribution is the connection between posterior calibration and practical
scenario reasoning. The intervention analysis suggests that early combined mitigation is more
effective than delayed action, while the baseline posterior diffusion-risk functional gives a
compact way to link Transformer detection, temporal amplification and ABC-SMC-SEIZ
forecast growth. The concluding section builds on these findings by consolidating the
conclusions, limitations and future research directions; the separate Thesis Contributions

section then summarizes the dissertation's scientific and methodological contributions.

Table 3.15. Research-question evidence summary for Chapter 3.
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RQ Evidence in Chapter 3 Conclusion

RQ1 Section 3.3; Tables 3.2-3.7 and Figures 3.1-3.5 Transformer performance
across datasets

RQ2 Section 3.4; Tables 3.8-3.9 and Figures 3.6-3.7 Temporal cascades
reconstructed

RQ3 Section 3.5; Table 3.10 and Figures 3.8-3.9 SEIZ compared with SIR

RQ4 Section 3.6; Tables 3.11-3.13 and Figures 3.10- ABC/ABC-SMC uncertainty

3.14 estimated
RQ5 Sections 3.7-3.8; Table 3.14 and Figures 3.15-3.16 = Posterior ~ prediction  and

intervention logic shown
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Conclusion - a summary of the results
obtained

This concluding section summarizes the results obtained in the dissertation and relates them to
the dissertation goal, the research tasks and the research questions formulated in Chapter 1.
The dissertation examined fake news as a combined content and diffusion phenomenon rather
than as a single text-classification task. For this reason, the conclusion brings together the
evidence from Transformer-based detection, temporal cascade reconstruction, SIR and SEIZ
epidemic modelling, ABC and ABC-SMC posterior inference, forecasting and intervention-
oriented scenario analysis.

The central dissertation goal was to develop and evaluate an integrated framework for fake-
news detection and diffusion analysis on social networks. The obtained results support this
objective by showing that textual credibility, temporal amplification and posterior uncertainty
should be analysed together. A detection model can identify suspicious content, but it cannot
determine social impact without temporal evidence. Similarly, a diffusion model can describe
spread, but it remains incomplete without content-risk probability and uncertainty-aware
parameter inference.

The final synthesis therefore emphasizes both the scientific value and the methodological
boundary of the thesis. The proposed framework is not presented as a universal solution to all
fake-news problems. It is presented as a traceable and reproducible content-to-cascade
methodology that integrates detection, temporal diffusion, epidemic modelling and Bayesian
uncertainty in a single analytical structure.

Conclusions of the Thesis

Firstly, Transformer-based models provide a strong and operationally useful layer for binary
fake-news detection. BERT, RoBERTa, BigBird, mBERT and XLM-RoBERTa produced
reliable fake-class probability outputs across short COVID-19 posts, long news articles,
healthcare misinformation and low-resource Albanian text. BERT was effective for short posts,
RoBERTa performed strongly in article-style and healthcare settings, BigBird was useful for
longer documents, and XLM-RoBERTa produced the strongest low-resource Albanian result.
This answers RQ1 and confirms that model choice must depend on text length, language and
domain.

The second conclusion is that detection results must be connected with temporal cascade

evidence before social risk can be evaluated. A fake-news probability score identifies
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suspicious content, but it does not show whether the claim becomes influential. The temporal-
network layer addresses this limitation by reconstructing directed, timestamped cascades and
producing I, (t) and Iy, (t) trajectories for diffusion modelling. This answers RQ2 and
supports the thesis argument that fake-news risk is a combined content and propagation
problem.

The two principal empirical cascades demonstrate this point. The COVID-19 Twitter/X fake-
news claim showed irregular and multi-burst behaviour, while the Hoaxy / OSoMeNet political
claim produced a larger and smoother cumulative spread. These differences show that fake-
news diffusion cannot be inferred from classification probability alone. The auxiliary Hoaxy-
imported and synthetic Albanian cases further validate the pipeline structure, but they are
correctly treated as supplementary or validation-oriented evidence.

The third conclusion concerns epidemic modelling. SIR is useful as a transparent baseline, but
SEIZ gives a more suitable representation of fake-news dynamics because it includes exposed
and skeptic or non-spreading states. In the two principal empirical cascades, SEIZ produced
lower trajectory-level error than SIR, especially for the irregular COVID-19 cascade. This
answers RQ3 and justifies using SEIZ as the main diffusion model for posterior inference and
intervention-oriented analysis.

The fourth conclusion is that uncertainty-aware inference is necessary because social-network
cascades are only partially observed. Platform data contain visible reposts, replies, timestamps
and directed interactions, but they do not contain all exposures, private shares, deleted posts,
recommendation-system impressions or silent decisions not to spread. ABC and ABC-SMC
address this limitation by estimating plausible posterior regions of epidemic parameters instead
of relying only on deterministic fitted values. The posterior predictive simulations and short-
horizon forecasts show that ABC-SMC-SEIZ improves calibration and supports uncertainty-
aware diffusion analysis. This answers RQ4.

The fifth conclusion is that the proposed framework can support cautious intervention-oriented
reasoning. The counterfactual scenarios show that early combined mitigation is more effective
than delayed action or correction-only scenarios. The results are especially important because
they connect mitigation timing with the actual phase of the observed cascade. In both principal
cascades, interventions applied before the main acceleration phase produced stronger
reductions than interventions applied after the peak. This answers RQS5.

The baseline posterior fake-news diffusion-risk functional provides the final synthesis of the
empirical pipeline. It links Transformer fake-news probability, temporal-network amplification

and ABC-SMC-SEIZ posterior predictive growth into one auditable risk quantity. Its value is
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not that it replaces the individual models, but that it makes the connection between content risk,
cascade activity and expected posterior growth explicit and inspectable.

Limitations of the study:

o The Transformer probability p,(x) is a model-estimated content-risk signal and should not
be interpreted as an absolute fact-checking judgement.

e Retweets, reposts, replies and shares are observable diffusion events; they do not prove
individual belief, intention or persuasion.

e The exposed and skeptic states in SEIZ are modelling proxies because hidden exposure,
silent rejection and private sharing are not fully observed in platform data.

e The main posterior inference and intervention analysis are based on two principal empirical
cascades; the additional Hoaxy-imported and synthetic Albanian cases are supplementary or
validation-oriented.

e The intervention scenarios are controlled counterfactual simulations and should not be read
as causal estimates of real platform moderation policies.

e The synthetic Albanian temporal cascade supports low-resource pipeline validation, but
future work requires real Albanian temporal diffusion data for stronger empirical conclusions.
These limitations do not weaken the dissertation contribution. They define the conditions under
which the results should be interpreted and make the framework scientifically defensible. The
thesis demonstrates a reproducible way to connect fake-news detection, temporal diffusion and
uncertainty-aware modelling while avoiding unsupported claims about private belief, platform
causality or universal generalization.

Overall, the dissertation shows that fake-news analysis becomes stronger when detection,
temporal diffusion, epidemic modelling and Bayesian uncertainty are combined within one
traceable framework. The proposed approach moves fake-news research beyond isolated
classification accuracy toward integrated, uncertainty-aware and intervention-oriented
modelling.

Future Work

a Future research should validate the framework on a larger number of real-world fake-
news cascades from different domains, platforms and languages. Broader evaluation would test
whether the SEIZ and ABC-SMC behaviour observed in the COVID-19 and Hoaxy cascades
also appears in elections, health crises, financial rumours, geopolitical misinformation and

local-language contexts.
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a A second direction is the extension of the temporal-network layer toward higher-order
temporal networks, when ethically and legally richer social-network evidence is available.
Follower graphs, reply trees, quote-post chains, repeated exposure histories, bot indicators,
community membership and cross-platform links could be used to model path-dependent
diffusion beyond simple pairwise timestamped edges. This would allow future versions of the
framework to capture repeated exposure, memory effects and cross-community transitions,
while enabling comparison with temporal graph-learning methods and graph neural networks.
a A third direction is the expansion of the uncertainty layer. ABC-SMC could be
compared with neural posterior estimation, sequential likelihood-free inference or hierarchical
Bayesian models in which parameters vary across communities, platforms and claim types.
This would improve posterior calibration and make early-warning forecasts more robust.

a A fourth direction is the strengthening of the intervention component. Real warning-
label timestamps, fact-checking events, visibility changes or moderation records could support
stronger causal evaluation. This would move the framework from controlled counterfactual
ranking toward more realistic policy-oriented analysis.

a A fifth direction is the development of an intervention-aware posterior diffusion-risk
functional. Future work could extend the baseline risk functional by replacing the baseline
posterior parameter vector @ with an intervention-modified parameter vector 8@, where
arepresents actions such as debunking, warning labels, visibility reduction or combined
mitigation. This would allow the framework to estimate the posterior risk reduction produced
by each intervention and compare mitigation strategies through expected reduction in future
cumulative spread.

a Finally, future work should improve multilingual and low-resource coverage. Larger
Albanian corpora, better fact-checking alignment, dialect-aware preprocessing and real
Albanian temporal cascades would make the framework more useful for countries and

languages where misinformation circulates actively but benchmark resources remain limited.

Thesis Contributions

This dissertation makes the following scientific and methodological contributions to fake-news
detection and diffusion analysis.

1. Proposed and evaluated an integrated framework that connects Transformer-based

fake-news detection, temporal cascade reconstruction, SIR/SEIZ epidemic modelling

and ABC/ABC-SMC posterior inference. The contribution lies in treating fake news as

a content-to-cascade process rather than as an isolated text-classification problem.
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2. Established a clear methodological boundary between datasets used for binary fake-
news detection and datasets used for temporal diffusion modelling. This distinction
prevents content-only classification results from being incorrectly interpreted as
epidemic or cascade evidence.

3. The dissertation implemented and evaluated BERT, RoBERTa, BigBird, mBERT and
XLM-RoBERTa across short-text, long-text, healthcare and low-resource Albanian
fake-news datasets. The resulting fake-news probability score is used as a content-risk
signal that supports the transition from detection to temporal cascade analysis.

4. Fake-news claims was defined as directed, timestamped temporal cascades and extracts
key diffusion quantities such as new active spreaders, cumulative active spreaders,
cascade size, time to peak and network reach. This contribution provides the empirical
bridge between content detection and epidemic-style modelling.

5. Comparison between SIR and SEIZ models on the principal empirical fake-news
cascades and showed that SEIZ provides a more suitable representation when delayed
exposure, hesitation, skepticism or non-spreading behaviour are relevant. SIR is
retained as a transparent baseline, while SEIZ is used as the main diffusion model.

6. Applied ABC and ABC-SMC to estimate uncertain epidemic parameters from partially
observed social-network cascades. This contribution moves the analysis beyond
deterministic point estimates by reporting posterior parameter distributions, credible
intervals, posterior predictive checks and calibration diagnostics.

7. The dissertation introduces a baseline risk functional that links Transformer fake-news
probability, temporal-network amplification and ABC-SMC-SEIZ posterior predictive
growth. The functional does not replace the individual models; instead, it provides an
auditable mathematical synthesis of the detection, diffusion and posterior-inference
layers.

8. To evaluate counterfactual intervention scenarios, the dissertation uses the calibrated
diffusion framework, including debunking, visibility reduction and early combined
mitigation. The contribution is not a causal claim about real platform policy, but a
reproducible model-based ranking of intervention mechanisms under explicit
assumptions.

Together, these contributions move fake-news analysis beyond isolated classification accuracy
toward an integrated, uncertainty-aware and intervention-oriented framework for studying how

false information is detected, amplified and potentially mitigated in social networks.
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Appendix C.1. FRN BigBird run logs and split summary

Table C.1. Verified 60/20/20 FRN split summary for the BigBird final run.

Split Real Fake Total Role in the BigBird run
Training 1,903 1,898 3,801 Model fitting
Checkpoint  selection
Validation 634 633 1,267 and hyperparameter
checking
Test 634 633 1,267 Held-out final
evaluation
Complete FRN corpus
Total 3,171 3,164 6,335 used by the BigBird

script; seed 42

Table C.2. Compact BigBird GPU final-run log for FRN.

Run-log field

Recorded value

Dataset FRN / fake or real news.csv
Model checkpoint google/bigbird-roberta-base
Framework Hugging Face Transformers with PyTorch
. Concatenated title and article body; max_length = 1,024
Input policy tokens -
Spli . Stratified 60/20/20 train-validation-test split after duplicate
plit policy

Seed / positive class

control

Seed 42; FAKE = positive class

Test set 1,267 articles: 633 fake and 634 real

Fake-class precision 0.9714

Fake-class recall 0.9668

Fake-class F1 0.9691

Macro-F1 0.9692

Balanced accuracy 0.9692

ROC-AUC 0.9946

Confusion matrix labels R0w§: true REAL, true FAKE; columns: predicted REAL,

predicted FAKE

Confusion matrix [[616, 18], [21, 612]]

Appendix C.2. FRN BERT/RoBERTa run logs
Table C.3. Compact BERT and RoBERTa GPU final-run performance log for FRN.

Model Policy Checkpoint Fake P Fake R Fake F1 Macro-F1 | Bal. acc. ROC-AUC
Fixed beri-b

BERT-base truncation o 5" (.9395 0.9321 0.9358 0.9361 0.9361 0.9800
512 uncased
Fixed

hR;’s]:ERTa' truncation  roberta-base | 0.9492 0.9447 0.9470 0.9471 0.9471 0.9857
512
Sliding beri-b

BERT-base window eri-base- ) 9558 0.9558 0.9558 0.9558 0.9558 0.9894
512/256 uncased
Sliding

RoBERTa- - (o dow roberta-base | 0.9667 0.9621 0.9644 0.9645 0.9645 0.9938

base 512/256
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Table C.4. BERT and RoBERTa confusion-matrix counts and ROC-AUC values for FRN.

True REAL -> True REAL -> True FAKE -> True FAKE ->

Model Policy REAL FAKE REAL FAKE ROC-AUC

BERT-base E‘l";d truncation 5q¢ 38 43 590 0.9800
Fixed truncation

RoBERTa-base .| 602 32 35 598 0.9857
Sliding window

BERT-base 12256 606 28 28 605 0.9894
Sliding window

RoBERTa-base 613 21 24 609 0.9938

512/256
Appendix C.3. ISOT run logs

Table C.5. Compact ISOT BERT/RoBERT?a title-body final-run log.

Run-log field
Dataset

Input setting
Split and positive class

BERT final metrics

RoBERTa final metrics

Confusion matrices

Saved output files

Recorded value
ISOT Fake News Dataset

Title + article body, tokenized with the selected Transformer
tokenizer

80/20 stratified split; FAKE = positive class

fake-F1 = 0.9935; macro-F1
0.9932; ROC-AUC = 0.99995

fake-F1 = 0.9948; macro-F1
0.9946; ROC-AUC = 0.99997

BERT: [[4255, 28], [33, 4662]]; RoBERTa: [[4261, 22], [27,
4668]], ordered as [[true REAL, pred REAL/FAKE], [true FAKE,
pred REAL/FAKE]].

0.9932; balanced accuracy

0.9945; balanced accuracy

isot_roberta_bert_title body metrics final.json;
isot_roberta_bert title body predictions final.csv;
isot_roberta bert title body confusion matrices final.csv;
isot_roberta bert title body roc curve points final.csv.

Table C.6. Author-generated ISOT comparison classical TF-IDF baselines.

Input /
Model implementation Fakez .
. precision
setting
Logistic Classical
Regression + TF- baseline; title + 0.9910
IDF body, TF-IDF
. Classical
%i;l_i;‘;F SVYM baseline; title + 0.9925
body, TF-IDF
. . Classical
?;gi?ﬁ?ml DE baseline; title + 0.9388
body, TF-IDF

Appendix C.4. CoAID run logs

Balanced

Fake recall Fake F1 Macro-F1 accuracy ROC-AUC
0.9894 0.9902 0.9897 0.9898 0.9994
0.9923 0.9924 0.9921 0.9921 0.9996
0.9482 0.9435 0.9405 0.9403 0.9833

Table C.7. Compact CoAID detection run-log summary.

Run-log item
Dataset version
Positive class

Social posts / claims split

Recorded value

CoAID repository version 0.4; text-only detection experiment
derived from news, post and claim files [97]

FAKE =1; REAL=0

584 training records and 146 test records; test set = 52 fake and
94 real
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Longer-news split
Best social-post/claim Transformer result
Best longer-news Transformer result

Saved output files

Appendix C.5. Albanian output files

3,346 training records and 837 test records; test set = 19 fake and

818 real

RoBERTa-base: fake F1 =0.9615, macro-F1=0.9701, balanced
accuracy = 0.9701, ROC-AUC = 0.9915

BigBird-RoBERTa-base: fake F1 = 0.8205, macro-F1 =0.9081,
balanced accuracy = 0.9186, ROC-AUC = 0.9786

coaid detection metrics.json;
coaid detection_comparison_thesis_ready.csv;

coaid detection_confusion matrices.csv;

CoAID prediction

files for classical and Transformer settings

Table C.8. Output files associated with the Albanian detection outputs.

Output file
albanian_split summary_60_20_20.csv

Metric

albanian_detection_generated_metrics.csv | Linear

Content

Train, validation and test counts for
fake and real labels

rows for Logistic Regression,
SVM, Multinomial NB,

mBERT and XLM-RoBERTa

albanian_detection_generated metrics.json

Item-level
labels and fake probabilities for the

albanian_xlmr_generated_predictions.csv

Structured metric JSON and split
settings

true labels, predicted

best model

albanian_xlmr_confusion_matrix.png

albanian_xlmr_roc_curve.png

Appendix C.6. Constraint@AAAI2021

Best-model confusion matrix figure

Best-model ROC curve figure

output files

Supports
reported metrics

Use in Chapter 3

Supports Table 3.12

Supports Table 3.12

reproducibility of the

Supports ROC and error analysis

Supports Figure 3.9
Supports Figure 3.10

Table C.9. Output files associated with the Constraint@AAAI2021 detection outputs.

Saved artefact

constraint_aaai2021_split_summary.csv

constraint_aaai2021_classical_metrics.json

constraint_aaai2021_bert_metrics.json

constraint_aaai2021_predictions.csv

constraint_aaai2021_confusion_matrix.csv

constraint_aaai2021_roc_curve_points.csv

constraint_aaai2021_run_log.txt

constraint_aaai2021_confusion_matrix_figure.png

constraint_aaai2021_roc_curve_figure.png

Contents

Official train-validation-test
counts and fake/real label totals.

LR, SVM, NB and NB + LR
metric dictionary.

BERT fake-class precision, fake-
class recall, fake-class F1, macro-
F1, balanced accuracy and ROC-
AUC.

Record-level true label, predicted
label and fake-class probability.

Confusion-matrix counts with

REAL=0 and FAKE=1.
FPR, TPR and threshold values.

Seed, library versions, model
checkpoint, tokenizer  and
execution notes.

BERT confusion-matrix figure
generated from the held-out
prediction log.

BERT ROC-curve
generated  from
probability scores.

figure
fake-class

Use in Chapter 3

Supports Table 3.6 and verifies the
benchmark split.

Supports the classical
reported in Table 3.3.

rows

Supports the BERT row reported
in Table 3.3.

Allows recalculation of all metrics
and error analysis.

Supports false-positive and false-
negative interpretation.

Supports ROC-AUC verification
and optional ROC plotting.

Documents reproducibility

conditions for the final run.

Supports Figure 3.1.

Supports Figure 3.1.
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Appendix D. Supplementary Cascade, Posterior and Intervention

Details

Appendix D retains complete cascade statistics, full intervention perturbation tables, posterior details

and complete calibration metrics used to support Chapter 3. Detailed scenario values remain here rather

than in the main results chapter. These tables are intentionally labelled as supplementary audit

material. They extend the Chapter 2 methodology with dataset-specific schemas, quality-

control checks and parameter-audit details, rather than restating the core methodological tables.

Tables D.1-D.4 confirm the suitability of the retained cascades for temporal diffusion modelling and

separate principal empirical cases from supplementary validation cases.

Table D.1. Filtered real Twitter/X COVID-19 temporal-cascade summary for site_type = covid_fake claim.

Feature

Claim title

Dataset status

Site type

Observed events

User nodes

Directed edges

Observation
window
Daily  activity
pattern

Final infected

curve

Largest
component

Observed value

“The coronavirus is not only
affecting the way we live, it’s
also dramatically affecting the
way we die.”

Real Twitter/X temporal-network
dataset filtered to site type
covid_fake claim

covid_fake claim only;
covid true claim rows excluded

133,374 records; 7,731 unique
tweet IDs

95,599 nodes: 6,088 source users
and 95,599 active spreading users

125,057 unique directed edges

2020-02-02 10:52:45 - 2020-12-
31 08:48:41 UTC (332.91 days)

310 active days; peak daily
Inew(t) = 5,892 on 30 July 2020

Ieum () = 95,599 unique active
spreaders

1 weak component; largest =
95,599 nodes and 125,057 edges

How it was extracted

title column / fake-news claim text

covid real mapped from user to user.csv

site_type filter

row count; tweet_id

from_user id and to_user id

from_user id ->to_user_id

min/max tweet created at

daily first-time to_user_id aggregation

cumulative first-time to_user_id

NetworkX weak components

Interpretation for

Chapter 3

filtered
fake-news

Defines  the
COVID-19

claim cascade.

Moves the item from
content  screening  to
empirical temporal-
network analysis.

Focuses the temporal
analysis on fake-news
claim spreading.

Each retained record is
one observed claim-
spreading interaction.

Defines the
temporal-network
set.

Edges represent
information flow from
source to spreader.

directed
user

Observation period for
daily I(t).

Identifies the strongest
daily burst of fake-news
claim spreading.

Empirical infected-user
curve for
SIR/SEIZ/ABC.

The filtered fake-news
claim network is
connected enough for
temporal diffusion
analysis.

Table D.2. Real Hoaxy / OSoMeNet temporal-cascade summary for the claim “Three million votes in the

Presidential Election were cast by illegal aliens.”

Feature

Observed value

How it was extracted 3

Interpretation for Chapter
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Claim title

Dataset status

Site type

Observed events

User nodes

Directed edges

Observation
window

Peak activity

Final infected curve

Largest component

“Three million votes in the
Presidential Election were cast by
illegal aliens.”

Real Hoaxy / OSoMeNet
Twitter/X temporal-network
dataset supplied for this thesis
case

claim-only; blank site type rows
standardized to claim after claim-
filter validation

1,048,575 timestamped retweet
records; 39,864 unique tweet IDs

156,556 unique nodes: 22,761
source users and 149,079
retweeting users

523,231 unique directed edges

2016-05-16 05:54 to 2016-09-26
14:58; duration = 133.38 days

2016-09-08 with 27,375 events;
maximum daily new spreaders =
4,660; peak hour 2016-09-08
15:00 with 761 new spreaders

Ieum (t) = 149,079 unique active
spreaders

150,787 nodes and 519,392
edges; 96.3% of nodes and 99.3%
of edges

title field and claim-filtered Hoaxy / Defines the empirical fake-

OSoMeNet file; blank title entries
standardized to the selected fake-

news claim

uploaded CSvV

site_type column and file scope

row count and tweet_id uniqueness

union of from user idandto user id

unique from user id -> to_user id

pairs

minimum and
tweet_created at

daily event aggregation and first

appearance of to_user id

cumulative  first-time

count

largest weakly connected component

in NetworkX

file
aliens_retweet.postelection.claim.csv

maximum

to_user_id

news claim cascade used for
temporal-network and later
SIR/SEIZ/ABC modelling.

Moves the claim from
Transformer detection into
empirical temporal-network
analysis.

Supports claim-cascade
analysis; it does not provide
a direct claim-versus-fact-
checking comparison.

Each row is treated as one
observed retweet/spreading
interaction.

Defines the user population
observed in the directed
temporal network.

Edges represent information
flow from the
retweeted/source user to the
retweeting user.

Supports daily temporal
ordering and time-to-peak
analysis.

Identifies the strongest fake-
news diffusion burst in the
observed period.

Provides the empirical
infected-user curve for later
SIR/SEIZ/ABC fitting.

Indicates that most observed
interactions belong to one
dominant connected
cascade.

Table D.3. Hoaxy-imported social fake-news claim cascade summary for “Should One Tweet End a Career?”.

Feature

Claim title

Source domain / site type

Observation window

Observed events

Unique users / edges

Largest weak component

Observed value

Should One Tweet End a

Career?

redstate.com;
claim

site_type

How it was extracted

title field and canonical URL
grouping
domain, site domain and
site_type fields

30 May 2018 18:34 UTC to

06 Sep 2018 22:29 UTC (99.2

days)

parsed tweet created at

817 records: 728 retweets, 87

quotes, 2 origin tweets

805 user nodes; 809 unique

directed edges

774 nodes (96.1% of
graph)

tweet_type counts

union of from user id and
to_user id; unique source-
target pairs

the  NetworkX weak-component
analysis

Interpretation for Chapter 3

Defines the cascade identifier
for this external Hoaxy claim.

The file contains claim
records only; it is not a
claim/fact-checking
comparison.

Supports duration, time-to-
peak and temporal ordering.

Separates active spreading
and quote/origin events.

Defines the directed temporal
network.

Shows that the cascade is
mostly connected rather than
fragmented.
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Peak activity

Time to peak

Final I .y ()

Dominant source pattern

18 Aug 2018: 653 events;

peak hour 18 Aug 2018 14:00 daily and hourly aggregation

UTC with 89 events

Indicates a delayed burst after
the initial article publication.

About 79.8 days after the first peak-hour timestamp minus Provides a temporal summary

observed event

797 unique active spreaders

One anonymized source node
755 unique outgoing out-degree and weighted out-

has

first event timestamp

first observed share

to_user id

by

neighbours and 763 weighted | degree

outgoing events

for later SIR/SEIZ fitting.

Used as the cumulative
infected-user curve.

Suggests a broadcast-like
cascade driven by a highly
central source.

Table D.4. Synthetic Albanian augmented temporal-cascade summary for the claim “Shqipéria do té presé 100

mijé palestinez€ nga Gaza.”

Feature

Dataset type

Claim title

Fact-checking title

Total events

Nodes and edges

Time range

Peak activity

Final curves

Observed / generated value

Synthetic / augmented
Hoaxy-style temporal cascade

“Shqipéria do té presé¢ 100
mijé€ palestinezé nga Gaza.”

“Pretendimi pér pranimin e
100 mijé palestinezéve né
Shqipéri u mohua.”

720 records: 520 claim and
200 fact_checking.

725 unique nodes and 720
directed edges.

2025-01-27 09:13:26 to 2025-
02-02 07:14:30; duration =
142.02 hours.
Claim peak: 2025-01-27
12:00, Ihew = 39.

[ cum_claim = 520.

How it was extracted

Generated from the Albanian
claim and stored with the fields
from_user id, to_user id,
tweet id,  tweet created at,
site_type and title.

title column for records with
site_type = claim.

title column for records with
site_type = fact checking.

Row count and site type
grouping.
Unique users from

from_user id/to _user id and
unique directed pairs.

Minimum and maximum
tweet_created at.

Hourly aggregation by unique
newly active users with
site_type = claim.

Cumulative unique active
users for site_type = claim.

Interpretation for Chapter 3

Pipeline validation only; not
empirical Twitter/X or Hoaxy
evidence.

External Albanian fake-news-

risk claim after XLM-
RoBERTa / mBERT
detection.

Provides a corrective/counter-
claim curve for SEIZ-style
interpretation.

Enough generated events for
testing cascade extraction and

().

Medium-size synthetic
temporal network for pipeline
testing.

Supports  hourly temporal
aggregation.

Identifies the main fake-news
claim burst used in Figure
3.15.

Claim-only model-ready
curve for SIR/SEIZ/ABC
pipeline validation.

Tables D.5-D.6 provide the full intervention perturbation values supporting the concise scenario

analysis in Section 3.7.

Table D.5. Detailed fact-checking and debunking parameter perturbations for the two empirical fake-news

cascades.

Dataset

COVID-19 real Twitter/X

“The coronavirus is not

only affecting the way we ABC-SEIZ
live, it’s also dramatically baseline
affecting the way we die.”

fake-news claim

Scenario

Trigger

No

change

from Section 3.6

Parameter . .
modification after Fmil I IC“(“;)(t) / bR:;lellliclfzon Vs
trigger PEak fnew
Posterior-median

counterfactual SEIZ  parameters 84,963 / 680 Reference
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COVID-19 real Twitter/X
“The coronavirus is not
only affecting the way we
live, it’s also dramatically
affecting the way we die.”
fake-news claim

COVID-19 real Twitter/X
“The coronavirus is not
only affecting the way we
live, it’s also dramatically
affecting the way we die.”
fake-news claim

COVID-19 real Twitter/X
“The coronavirus is not
only affecting the way we
live, it’s also dramatically
affecting the way we die.”
fake-news claim

Hoaxy / OSoMeNet
“Three million votes in

Delayed
debunking

strong

ABC-SEIZ
baseline

the Presidential Election
were cast by illegal
aliens.” fake-news claim

Hoaxy / OSoMeNet
“Three million votes in
the Presidential Election

Early debunking -

moderate

were cast by illegal
aliens.” fake-news claim

Hoaxy / OSoMeNet
“Three million votes in
the Presidential Election
were cast by illegal
aliens.” fake-news claim

Hoaxy / OSoMeNet
“Three million votes in
the Presidential Election
were cast by illegal
aliens.” fake-news claim

Delayed
debunking

strong

Early debunking -
moderate Day 7

Early debunking - Day 7
strong

Observed
peak

No
counterfactual
change

Day 7

Early debunking - Day 7
strong

Observed
peak

p x 0.85; epsilon x

0.85; 1x 1.10; delta | 77,475 / 435
x 1.25

p x 0.65; epsilon x

0.65; 1x 1.25; delta 64,695 /343
x 1.50

p x 0.65; epsilon x

0.65; 1x 1.25; delta | 81,429 / 680

x 1.50

Posterior-median
SEIZ  parameters
from Section 3.6

p x 0.85; epsilon x
0.85;1x 1.10; delta
x 1.25

p x 0.65; epsilon x
0.65; 1x 1.25; delta
x 1.50

p x 0.65; epsilon x
0.65; 1x 1.25; delta
x 1.50

143,837 /2,124

141,559 /2,093

135,071/ 1,926

141,499 /2,124

8.8% lower

23.9% lower

4.2% lower

Reference

1.6% lower

6.1% lower

1.6% lower

Table D.6. Detailed visibility-reduction and early-mitigation parameter perturbations for the two empirical fake-

news cascades.

Dataset

COVID-19 real Twitter/X
“The coronavirus is not
only affecting the way we
live, it’s also dramatically
affecting the way we die.”
fake-news claim

COVID-19 real Twitter/X
“The coronavirus is not
only affecting the way we
live, it’s also dramatically
affecting the way we die.”
fake-news claim

COVID-19 real Twitter/X
“The coronavirus is not
only affecting the way we
live, it’s also dramatically

Scenario

ABC-SEIZ
baseline

Visibility
reduction -
moderate

Visibility
reduction - strong

Trigger

No

Parameter modification
after trigger

No modification; all

counterfactual parameters fixed at the

change

Day 7

Day 7

ABC-SEIZ
medians from Section 3.6.

beta x 0.80; b x 0.80

beta x 0.60; b x 0.60

/

posterior

Final I,y (

peak

3]

Reduction vs

baseline
Inew (t)
84,963 /680 Reference
72,903 /489 | 14.2% lower
59,634 /377 29.8% lower
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affecting the way we die.”
fake-news claim

COVID-19 real Twitter/X

“The coronavirus is not

only affecting the way we Early combined
live, it’s also dramatically mitigation
affecting the way we die.”

fake-news claim

COVID-19 real Twitter/X
“The coronavirus is not
only affecting the way we
live, it’s also dramatically
affecting the way we die.”
fake-news claim

Hoaxy / OSoMeNet Fication: 1
“Three million votes in No No  modification; ~ a
ABC-SEIZ parameters fixed at the 143,837

the Presidential Election baseline counterfactual ABC-SEIZ posterior 2,124

nere ”caSt by l“-egal change medians from Section 3.6.
aliens.” fake-news claim

Hoaxy / OSoMeNet
“Three million votes in Visibility

beta x 0.60; b x 0.60; p x
Day 3 0.90; epsilon x 0.90; 1 x|55,862 /327 34.2% lower
1.10

Delayed
visibility
reduction

Observed

beta x 0.60; b x 0.60 80,844 /680  4.8% lower
peak

/ Reference

the Presidential Election reduction - Day 7 beta x 0.80; b x 0.80 }392;84 4 6.6% lower

were cast by illegal moderate ’

aliens.” fake-news claim

Hoaxy / OSoMeNet

“Three million votes in _,. . ...

the Presidential Election © S0 Day 7 beta x 0.60; b x 0.60 124913 /113 504 lower
. reduction - strong 1,720

were cast by illegal

aliens.” fake-news claim

Hoaxy / OSoMeNet

“Three million votes in . beta x 0.60; b x 0.60; p x

the Presidential Election Ea}r.ly .combmed Day 3 0.90; epsilon x 0.90; 1 x 119,964 / 16.6% lower
2 mitigation 1,584

were cast by illegal 1.10

aliens.” fake-news claim

Hoaxy / OSoMeNet

“Three million votes in Delayed

the Presidential Election visibility ]?eb;frved beta x 0.60; b x 0.60 ;41027268 ! 2.4% lower

were cast by illegal reduction
aliens.” fake-news claim

Appendix D.1. Supplementary Diffusion-Oriented Preprocessing Tables
Table D.7. Dataset-specific preprocessing requirements for temporal cascade construction.

Dataset Raw diffusion information Required preprocessing Model-ready output
Directed retweet records with C.onvert e L Label-aware temporal retweet
. ., directed temporal edges; .
from_user id, to_user_id, reserve  claim/fact checkin network  for  comparing
tweet_id,  tweet created at p — € misinformation and  fact-

; labels; sort events by . om
and site_type. AmmesEm. checking diffusion.

Hoaxy / OSoMeNet

Check whether user

interactions and timestamps Auxiliary temporal records
are sufficient; define cascade for robustness testing or
membership and reliability of external validation.

labels.

Table D.8. Supplementary diffusion-record schema retained for reproducibility audit.

Engagement records,
hashtags, comments, reposts,
replies or temporal social
traces.

Other candidates

Field Description Example
Identifier of the news item, rumour covid fake claim 001;

cascade id thread, source tweet, URL or claim aliens claim 001; career_claim_001;
cascade. alb_claim 001
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User, tweet or parent node from which

. . .. retweeted user; parent tweet; source tweet
the observed interaction originates. P

source_node
User, tweet or child node that receives,

target node retweets, replies to or reacts to the
information.

retweeting user; child tweet; reaction
tweet

Absolute timestamp or normalized
event time relative time from the beginning of the
cascade.

2016-05-16 05:54; 12 minutes after
source

Observed interaction type or diffusion retweet; reply; quote; reaction;

event_type e fact_checking

Credibility or rumour label of the
content_label associated item, preserved from the
source dataset.

fake; real; claim; fact checking; false
rumour; unverified

Derived modelling role used cautiously spreading;  corrective;  questioning;

daton ol for epidemic-state mapping. skeptical-like; exposed-like

Indicator of missing values, duplicate
quality flag status, hydration status or temporal
consistency.

valid; duplicated;  missing  text;
unavailable tweet

Table D.8. Quality-control decisions for diffusion-oriented preprocessing.

Issue Recommended decision Reason

. . . Remove exact duplicates after preserving Prevents artificial inflation of cascade
Duplicate interaction records

one verified copy. size and retweet volume.

Exclude from temporal modelling or| Temporal ordering is essential for
Missing timestamp retain only for non-temporal descriptive cascade  construction and  time-

statistics. respecting paths.

Network edges cannot be constructed

Exclude from edge-level modelling if e R e R

Missing user identifier
& source or target cannot be defined.

information.
. . Mark as unavailable and retain tweet id | Maintains reproducibility while
Unavailable tweet after hydration . . . o
only if allowed by dataset policy. respecting platform access limitations.

Prevents ambiguous records from
contaminating SIR, SEIZ or ABC
summaries.

Conflictine label or event tvpe Resolve using documented dataset rules
& yp or exclude from model-fitting subsets.
Sort by timestamp and check whether Detects impossible or inconsistent

Out-of-order event time ?
u ventt event time precedes the cascade seed. temporal paths.

Prevents synthetic text from being
mistaken for real temporal social
behaviour.

Appendix D.2. Supplementary Temporal Cascade Construction and Network-Property
Tables

Artificial or augmented text linked to Use only in training experiments, not as
cascades observed diffusion evidence.

Table D.9. Dataset-specific sources of time-stamped interactions and claim-level cascade records.

Dataset Relevant fields or files Cascade construction interpretation
from user id, to user id, tweet_id, Directed retweet edge with time and
Ls (27 QAN tweet_created_at, site_type claim/fact-checking label.

Table D.11. Supplementary temporal-network element details retained for reproducibility audit.

Element Definition in this thesis Example Use in later modelling
A value measuring interaction Number of retweets between Supports weighted diffusion
Weight strength, frequency,  or two wusers; interaction-type modelling and user influence
relevance. score. analysis.

Table D.10. Quality-control checklist for nodes, edges, weights, and temporal structure.

Quality issue Recommended action Reason for evaluation quality
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Inconsistent timestamps

Duplicate records

Missing user identifiers

Ambiguous edge direction

Mixed interaction types

Unavailable hydrated content

Train-test leakage

Parse to a common datetime format;
compute delay from cascade root when
needed.

Remove exact duplicates or convert
repeated interactions into frequency
weights.

Drop unusable events or assign
anonymous placeholders only when
methodologically justified.

Document direction as information flow
or response flow before analysis.

Separate layers or encode action type as
a feature.

Keep identifier-level analysis and

document hydration status.

Split by cascade or article rather than by
individual interaction when evaluating

Prevents invalid temporal ordering and
incorrect time-to-peak values.

Avoids artificial inflation of cascade size
and edge strength.

Protects  network  validity  and
reproducibility.
Ensures correct interpretation of

centrality, depth, and diffusion paths.

Preserves differences between retweets,
replies, quotes, and corrections.

Maintains reproducibility under

platform limitations.

Prevents the same cascade appearing in

prediction.

Table D.11. Network properties used for fake-news diffusion analysis.

Property

In-degree

Out-degree

Weighted degree

Betweenness centrality

PageRank / eigenvector
influence

Clustering coefficient

Community
membership

Cascade breadth and

depth

Definition

Number of incoming
interactions received by a user.

Number of outgoing
interactions produced by a user.

Degree adjusted by interaction
frequency  or  interaction
importance.

Extent to which a node lies on
paths between other nodes.

Node importance based on the
importance  of  connected
neighbours.

Interpretation for fake-news
diffusion

Indicates how often a user
receives  reposts,  replies,
mentions, or exposure signals.

Indicates how actively a user
spreads or forwards content to
others.

Captures repeated
amplification more accurately
than unweighted degree.

Identifies bridge users who
connect communities and may
enable Cross-community
diffusion.

Captures influence beyond raw
activity counts.

Degree to which neighbours of | Indicates local reinforcement

a node are connected with each
other.

Assignment of nodes to groups
or modules.

Breadth is maximum activity at
one diffusion level; depth is
longest propagation path.

and repeated exposure inside
dense groups.

Helps identify whether fake
news remains local or spreads
between communities.

Describes whether diffusion is
wide, deep, or both.

Table D.12. Dataset-specific network properties for diffusion analysis.

Dataset

Hoaxy / OSoMeNet

Useful network properties

Retweet  in-degree,
degree, edge
claim/fact-checking
community spread.

Influence interpretation

out-
weights,

Separates
spreaders from
checking/correction actors.

Table D.13. Quality-control considerations for network-property extraction.

misinformation Useful
fact- skepticism/debunking proxies

both training and testing.

Example use

A fact-checker receiving many
replies may function as a
correction or discussion hub.

A user with many retweets or
reposts may represent an active
spreader.

Repeated retweets from the same
source can be represented by a
higher edge weight.

A user linking political
communities can increase the
reach of misinformation.

A user followed or retweeted by
other influential users may

receive a high influence score.

High clustering may support
echo-chamber-style circulation.

A claim moving from one

political group to another
represents Ccross-community
spread.

A shallow but wide cascade may
indicate rapid broadcasting; a
deep cascade may indicate multi-
step diffusion.

Use in later modelling
for SEIZ

and intervention analysis.
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Issue Risk Recommended handling

Report both raw and cleaned metrics

Bot-like amplification May inflate degree and cascade size. where bot indicators are available.

May overstate influence if all repetitions Use edge weights but also report

R ted int ti .
epeated interactions are treated equally. unweighted degree.

May distort temporal centrality and Exclude invalid events or impute only

Missing timest _ ¢ S
(KRR S U ok time-to-peak analysis. when justified.

Different algorithms may produce Use one primary method and report the

i tection instabilit . b .
Community detection instability different partitions. method consistently.

The first observed user may not be the Interpret source nodes as observed seeds
true origin. rather than absolute origins.

Appendix D.3. Supplementary ABC/ABC-SMC Parameter and Summary-Statistic
Tables

Source-user uncertainty

Table D.16. Supplementary ABC prior ranges retained for posterior-sensitivity audit.

Parameter Model Prior example Interpretation in fake-news propagation

beta SIR/SEIZ Uniform(0.01, 0.80) i"ﬂsiflfe srjstzepﬁblzvi?;s. TS SIS
gamma SIR/SEIZ Uniform(0.01, 0.50) ﬁlitioﬁ tgﬁ‘fﬂ lsfsr:?gferfe::"p sharing, forget
gasilon SEIZ Uniform(0.01, 0.50) g)art:agzrzhich exposed users become active
P SEIZ Beta(2, 2) fvri(t)lll)e;ll)lilige(g ;glizcri.iate sharing after contact
| SEIZ Beta(2, 2) i’(r)ﬁl;:(iii}i:i};h ;zkel;)iicgming skeptical after
SEiZmedfid  Unfm(000,030)  Gomston o debunking e cuned b -
tho SEIZ Uniform(0.00, 0.60) Contact coefficient between exposed users

and infected users.
Table D.14. Observed cascade data and their role in ABC-based epidemic inference.

Observed cascade information Hidden diffusion meaning Use in ABC inference

Used by a Transformer model to
estimate P(fake[x), which can influence
the initial infection seed or transmission
risk.

Post or claim text Credibility risk of the information item.

Visible evidence of active spreading Used to reconstruct the infected curve

Reposts, retweets, shares . .
POSS, ’ behaviour. I(t) and final cascade size.

Reaction, disagreement, correction, or Can support estimation of exposed,

Replies and comments . . .
P amplification. skeptical, or recovered states.

Used to calculate time to peak, growth
rate, inter-event delays, and cascade
lifetime.

. . . T 1 f
Timestamps of interactions emporah order and speed o

propagation.
Used to estimate debunking or

Fact-checking links or debunking replies Correction or skepticism process. .
correction parameters, such as 6.

Exposure opportunity and influence Used to simulate spread on real,

User centrality and network edges structure. synthetic, or hybrid temporal networks.

Table D.15. Candidate summary statistics for ABC inference on fake-news cascades.

Category Summary statistic Interpretation for fake-news cascade
. Final number of users, posts, or interactions involved in the
Size Cr
cascade.
Speed Tmax Maximum spreading rate within a time window.
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Timing
Structure

Structure

Correction

Correction

Transformer score

Network influence

Time required to reach the maximum spreading rate.

or the longest time-respecting diffusion path.

Cascade breadth, or the largest number of active users at the

Delay between first misinformation spread and first visible

tpeak
d c Cascade depth,
bC same diffusion level.
Ir fact-checking signal.

0 estimate . .
mactive.

mean P(fake|x)

centrality of early spreaders

Rate at which infected users become corrected, skeptical, or

Average fake-news probability assigned by the detection model
to cascade content.

Influence of initial users or communities in the early cascade.

Table D.16. Intervention interpretation through ABC-calibrated epidemic parameters.

Intervention scenario

Warning label

Early fact-checking

Visibility reduction

Influencer-based correction

Early detection by Transformer

Parameter effect

Reduces B or p.

Increases 6 and reduces T f

Reduces B through lower exposure.

Increases b and 1 through skeptical

contact.

Triggers ABC calibration earlier.

Expected cascade effect

Fewer susceptible become

spreaders.

users

Faster movement from infected to

skeptical or corrected states.

Slower growth rate and smaller final
cascade size.

More users move toward Z rather than I.

Improves forecast lead time and

intervention timing.

Appendix D.4. Supplementary ABC-SMC Posterior Prediction Boundary Table

Table D.17. Boundary between ABC-SMC inference and posterior predictive application.

Aspect

Main purpose

Main question

Avoided duplication

Thesis role

Section 2.7.3

Explains ABC-SMC as a methodological tool
for posterior estimation and comparison of SIR
and SEIZ.

Which model and parameter values best
explain the data?

Does not repeat dataset-specific cascade
construction.

Provides the inference method.

Section 2.7.4

Explains how ABC is applied to observed fake-
news cascades and what information is
extracted from them.

Which cascade features should be matched,
and how do posterior samples support
prediction?

Does not re-explain the full ABC-SMC
algorithm or model-selection details.

Connects the inference method to fake-news
diffusion data and intervention analysis.

Appendix E. Supplementary Literature Mapping and Research

Context

Appendix E provides a supplementary literature mapping and research-context bridge for the

dissertation. It links fake-news detection, temporal-network diffusion, epidemic inference,

ABC/ABC-SMC uncertainty estimation and the proposed Transformer-ABC-Epidemic

framework. The appendix is retained as contextual support for Chapter 1 and Chapter 2, while

mathematical derivations and implementation-oriented details are consolidated in Appendix G.

Table E.1. Supplementary literature mapping and research context for the proposed Transformer-ABC-Epidemic

framework.
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Literature  direction /

research area

Fake-news definitions,
theories and annotation

Social-media fake-news
impact and societal
relevance

Data-mining and social-
context views of fake news

Early fake-news detection
from propagation paths

and social context

Classical machine-learning
baselines

Explainable and
interpretable machine
learning

Transformer architecture
and attention

BERT, RoBERTa
domain-adapted
Transformers

and

Multilingual and sentence-
level Transformer models

Representative authors
and reference index

Zhou and Zafarani [2];
Allcott and Gentzkow [4];
Shu et al. [3]; Rubin et al.
[111]; Harris et al. [113]

Allcott and Gentzkow [4];
Vosoughi, Roy and Aral
[53]; Lazer et al. [78]

Shu et al. [3]; Shu,
Bhattacharjee et al. [114]

Liu and Wu [175]; Shu,

Wang and Liu [176];

Ruchansky, Seo and Liu
[171]; Popat et al. [172]

Breiman [43]; Joachims [42];
Chen and Guestrin [44];
Agarwal et al. [45]; Zhang et
al. [46]

Ribeiro et al. [115];
Lundberg and Lee [116];
Doshi-Velez and Kim [117]

Vaswani et al. [7]

Devlin et al. [6]; Liu et al.
[8]; Gururangan et al. [51];
Heetal. [118]

Pires et al. [9]; Reimers and
Gurevych [10]; Conneau et

Main contribution in the
literature
Defines fake news,

disinformation, misinformation,
satire, doubtful news, annotation
ambiguity and  benchmark
constraints.

Shows that false information has
political, social and epistemic
consequences and may diffuse

differently from true
information.

Frames fake-news detection
through text, source, user

engagement, social context and
platform traces.

Shows that fake-news
detection can be strengthened
by

temporal/social context, user

propagation paths,

behaviour and credibility-

oriented explanation, rather

than relying only on textual

content.

Introduces interpretable
classifiers and strong sparse-
feature baselines such as
Random Forest, SVM and
XGBoost.

Develops explanation
frameworks such as LIME,
SHAP and principles for

interpretable machine learning.

Introduces self-attention and the
Transformer architecture as a
foundation for modern NLP.

Introduces contextual encoders,
optimized pretraining, domain
adaptation and disentangled
attention mechanisms.

Develops
representations,

multilingual
semantic

Relevance to the proposed
thesis

Establishes the conceptual
basis for binary fake/real
modelling while preserving
discussion of doubtful and
ambiguous cases.

Justifies studying fake news
as both a  content-
classification problem and a
social diffusion-risk
problem.

Supports the thesis decision
to connect Transformer
probability  scores  with
temporal-network and
cascade-level information.

Strengthens  the  thesis
argument that fake-news
risk should be studied as a
content-to-cascade process.
These works support the
transition from
Transformer-based content
detection to  temporal
cascade modelling, while
justifying  why  social
context and propagation
are treated as diffusion
evidence rather than as

ordinary text-classification

features.

Provides  historical and
comparative background for
explaining why
Transformer-based
contextual  representations

are required.

Supports the discussion of
transparency, feature
importance and
accountability in fake-news
detection systems.

Provides the theoretical basis
for the Transformer-based
content-detection layer of the
dissertation.

Supports fine-tuning
individual Transformer
models for fake-news

classification and domain-
sensitive probability scoring.

Supports  Albanian  and
multilingual fake-news
detection, semantic
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Long-sequence
Transformer modelling

Graph neural networks
and social-context
detection

Temporal networks and

dynamic graphs

Higher-order and memory-
aware temporal diffusion

Community structure, echo
chambers and polarization

Influence, centrality and
platform-mediated spread

Classical epidemic models

Rumor-spreading models

SEIZ and misinformation-
specific epidemic models

Advanced social contagion
and memory effects

Empirical false-news and
misinformation diffusion

Approximate Bayesian
Computation foundations

al. [11]; Wolf et al. [119];
Rust et al. [120]

Zaheer et al. [12]

Kipf and Welling [121];
Velickovic et al. [122];
Hamilton et al. [123]; Wu et
al. [124]; Monti et al. [125];
Bian et al. [126]; Nguyen et
al. [127]

Holme and Saramiki [52];
Kazemi et al. [128]; Rossi et
al. [129]

Scholtes [13]; Scholtes et al.
[14]; Rosvall et al. [15];
Benson et al. [66]; Lambiotte
etal. [38]

Sunstein [56]; Pariser [57];
Del Vicario et al. [16];
Cinelli et al. [17]; Bakshy et
al. [18]

Freeman [58]; Page et al.
[59]; Newman [60]; Blondel
etal. [61]; Romero etal. [55];
Bakshy et al. [62]; Kwak et
al. [63]; Weng et al. [64]

Kermack and McKendrick
[31]; Newman [70]; Pastor-
Satorras and Vespignani
[71]; Pastor-Satorras et al.
[72]

Daley and Kendall [32];
Maki and Thompson [67];
Zanette [68]; Nekovee et al.
[69]

Jin et al. [33]; Maleki et al.
[73]; Raponi et al. [35]

Centola [74]; Wang et al.
[75]; Kauk et al. [36];
Murayama et al. [39]

Vosoughi, Roy and Aral
[53]; Kucharski [34]; Shao et
al. [90]; Shao et al. [54];
Bovet and Makse [37]

Beaumont et al. [19];
Marjoram et al. [20]; Sisson

sentence  embeddings  and
practical Transformer tooling.

Introduces  BigBird  sparse
attention for processing longer
sequences more efficiently than
full self-attention.

Introduces graph convolution,
graph attention, inductive graph
representation and graph-based
fake-news/rumor detection.

Reviews time-stamped
interactions, dynamic graph
representation and temporal

graph neural architectures.

Shows that chronological order
and path memory can alter
diffusion speed, community
detection and network flow.

Explains how selective
exposure, echo chambers and
polarized communities shape
information consumption and
spread.

Provides centrality, PageRank,
modularity, community
detection and influence
measures for social-network
analysis.

Establishes compartmental and
network-based epidemic theory,
including SIR-style dynamics
and epidemic thresholds.

Adapts epidemic logic to rumor
dynamics, including ignorant,
spreader and stifler-type states.

Applies exposed and skeptic
states to news, rumor and
misinformation diffusion and
reviews epidemic fake-news
propagation.

Shows that social reinforcement,
memory and platform behaviour
affect contagion dynamics in
online networks.

Provides empirical evidence on

false-news spread,
misinformation tracking and
election-related diffusion
networks.

Develops likelihood-free
Bayesian inference through

similarity, claim comparison
and low-resource evaluation.

Supports long-form fake-
news article analysis and

motivates BigBird as an
option for long textual
inputs.

Positions graph learning as
an important related
direction and future

extension, while the thesis
focuses on temporal-network
and epidemic modelling.

Justifies modelling fake-
news diffusion through time-
respecting paths rather than
only  aggregated  static
graphs.

Supports methodological
background for possible
path-memory extensions in
fake-news diffusion analysis.

Motivates the inclusion of
community structure,
homophily  and  cross-

community spread in fake-
news diffusion analysis.

Supports the operational
extraction of  network
features such as influential
users, cascade breadth,
community spread and
diffusion reach.

Provides the mathematical

foundation for modelling
fake-news  spread using
susceptible,

infected/spreading and

recovered states.

Justifies treating fake-news

propagation as a social
contagion  process  with
hesitation, stopping and

correction mechanisms.

Supports the use of SEIZ as a
richer model than SIR for
fake-news cascades
involving exposure,
skepticism and debunking.

Motivates the wuse of
temporal summaries, hidden
exposure assumptions and

memory-aware cascade
statistics.

Links content-level
falsehood with observable
cascades, fact-checking
signals and  temporal-

network diffusion data.

Supports parameter
inference when fake-news
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ABC-SMC and stochastic
epidemic inference

Summary statistics and

identifiability in ABC

Bayesian uncertainty and
probabilistic learning

Simulation-based inference

and network diffusion
inference
Online cultural

transmission with ABC

Fake-news datasets and

benchmark assessment

Dataset documentation,
ethics and reproducibility

Large language models and
hallucination risk

Multimodal and user-
context fake-news
detection

Survey and systematic-

review literature

Thesis-specific
direction

integrated

et al. [21]; Sunnaker et al.
[23]; Marin et al. [40];
Lintusaari et al. [77]

Toni et al. [22]; Kypraios et
al. [24]; Minter and Retkute
[25]

Blum et al. [79]; Csillery et
al. [106]; Beaumont [104];
Fearnhead and Prangle [80]

Gal and Ghahramani [130];
Kendall and Gal [131];
Murphy [132]

Dutta, Mira and Onnela [76];
Cranmer et al. [26];
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simulation, rejection sampling,
sequential Monte Carlo and
ABC foundations.

Introduces  ABC-SMC  for
dynamical systems and reviews
ABC for stochastic epidemic
models.

Studies summary-statistic
selection, dimension reduction,
practice-oriented ABC  and
identifiability issues.

Develops Bayesian views of
uncertainty estimation,
probabilistic learning and model
uncertainty.

Connects network spreading
inference, simulator-based
inference, diffusion networks
and  co-evolving  temporal

processes.

Uses ABC to compare simulated
online transmission with
observed Twitter data.

Documents the content-based
datasets and benchmark
constraints retained in the final
thesis dataset layer.

Introduces  datasheets, data
statements, model cards, FAIR

principles and artifact-review
practices.

Reviews few-shot language
models, generative LLMs,

hallucination risks and LLM-
assisted fake-news detection.

Combines text, image, user
preference, multimodal signals
and COVID-19  credibility
resources.

Synthesizes fake-news
detection, rumor detection,

misinformation/disinformation
and benchmark limitations.

Connects temporal-network
fake-news epidemic modelling,
BigSEIZ, SIR/SEIZ comparison
and BigBird-assisted SEIZ-ABC
analysis.

diffusion likelihoods are
analytically intractable or
partially observed.

Justifies sequential posterior

estimation for SIR/SEIZ
parameters such as
transmission, recovery,

exposure, skepticism and
debunking rates.

Supports the use of cascade
size, time to peak, depth,
breadth, growth rate and
correction delay as ABC
summaries.

Strengthens the uncertainty-
aware  interpretation  of
posterior diffusion risk and
calibrated probability
outputs.

Provides methodological
precedent for estimating
hidden spreading parameters
from partially observed
online cascades.

Supports the use of cascade-
level summary statistics for
calibration of online fake-
news diffusion models.

Motivates the thesis
distinction between content-
based datasets for detection
and diffusion-oriented fake-
news claim cascades for
temporal modelling.

Supports responsible dataset
reporting, reproducible
preprocessing, and ethical
treatment  of  user-level
social-network traces.

Positions LLMs as an
emerging auxiliary direction
for explanation and zero-shot
analysis, not as a source of
core Chapter 3 evidence.

Identifies future extensions
beyond the text-and-
temporal-network focus of
the current thesis.

Provides high-level
validation of the research gap
and supports the integrated
Transformer-ABC-Epidemic
dissertation direction.

Directly aligns the author’s
research trajectory with the
proposed  integration  of
Transformer detection,
epidemic modelling and
ABC inference.
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Appendix F. Extended Dataset Cards

Appendix F provides extended dataset cards that support dataset transparency and reproducibility. It
includes raw examples, field interpretation, dataset schemas and sample records for the content-based

and diffusion-oriented data used or documented in the thesis.

Appendix note. The table distinguishes datasets used for content-based Transformer detection
from datasets suitable for temporal cascade reconstruction, SIR/SEIZ diffusion modelling and
ABC/ABC-SMC posterior inference. This separation prevents content-only datasets from

being interpreted as diffusion evidence.

Table F.1. Practical classification of dataset suitability under the binary-focused thesis design.

Suitability category  Dataset characteristics Typical examples in the thesis |Recommended use

Contain labelled text and a clear Constraint@AAAI2021, FRN, Main datasets for Chapter 3
fake/real or reliable/unreliable ISOT, CoAID, Albanian Fake binary Transformer detection
target. News Corpus. and cross-dataset comparison.

Primary binary
detection datasets

The following supplementary tables provide the detailed content-dataset descriptions and
representative examples that were moved from Section 2.3 to keep the main methodology

concise.

Table F.2. Summary of Constraint@AAAI2021 dataset characteristics.

Characteristic Fake Real Combined / Comment
Number of messages 5,600 5,100 10,700 total

Unique words 19,728 22,916 37,503 combined
Average words per post 22 32 27 combined

Average characters per post 143 218 183 combined

Primary label type Fake Real Binary classification

Table F.3. Representative examples of fake and real news in the Constraint@AAAI2021 dataset.

Label Example content (shortened/paraphrased) Main characteristics
Fake A social-media post claims that an Italian billionaire Egs:&f;};‘e eirslgnal etrrr; Otelgnjd] s tro;vor(ifl?rii
died by suicide after his family died from COVID-19. : p geays &
framing.
A post presents government lockdown advice as | Political framing, sarcasm, and weak factual
Fake s . . . .
politically biased and deliberately confusing. basis.
A message claims that millions of COVID-19 vaccine . . .
. False medical claim, exaggerated certainty,
Fake doses are already available after a sudden company . . . . .
and misleading public-health information.
announcement.
A verified p ubh.c-health.message reports that many Evidence-oriented wording and institutional
Real COVID-19 vaccine candidates are in clinical and pre-| . .
. . scientific context.
clinical testing.
. Numerical reporting, public-health
Real 0 G mypth s pen(s inerly eumstined COVIID: surveillance language, and verifiable update

19 cases, discharged patients, and deaths.

structure.
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Table F.4. Representative examples of news from the FRN dataset.

Label

Fake

Fake

Fake

Real

Real

Example content (shortened/paraphrased)

An article claims that Brexit will push the United Kingdom
toward stronger trade relations with Russia and other non-
EU states.

A post presents the Clinton family as a “crime family” and
frames the Clinton Foundation through highly accusatory
language.

A sensational article claims that a secret alien base was
found in the Moon’s Tycho crater.

An article discusses the continuation of'a U.S. ground-force
presence in Afghanistan and interprets the foreign-policy
implications.

A news analysis discusses increasing political polarization
in the United States and party divisions in Congress.

Table F.5. ISOT Fake News Dataset characteristics.

Characteristic

Dataset type

Main domain

Approximate size

Typical fields

Description

Binary content-based fake-news dataset.

Politics and world news.

commonly distributed version.

title, text, subject, date, label after preprocessing.

Diffusion information No direct social-network cascade information.

23,481 fake articles and 21,417 true articles in the

Dataset relevance

Long political article with geopolitical
framing and source credibility concerns.

Highly polarised political
emotionally charged claim.

framing and
Conspiracy-style narrative and unsupported
extraordinary claim.

Long-form  political  analysis  with
conventional news structure.

Formal political commentary and analytical
framing.

Relevance to thesis

Supports fake/real Transformer
classification.
Provides a domain complementary to

COVID-19 and Albanian datasets.

Large-scale benchmark for stable model
comparison.

Suitable for BERT, RoBERTa, BigBird, and
Transformer models.

Requires external enrichment for SIR, SEIZ,
or ABC analysis.

Table F.6. Representative ISOT data-format examples for binary fake-news detection.

Record type

Example field

Label (shortened

oriented)

content
/ schema- Use in thesis

Fake.csv record Fake

True.csv record Real

Preprocessed record Fake or real

Long-text record Fake or real

Table F.7. CoAID dataset characteristics.

Characteristic Description

Dataset type

title: political headline from
an unreliable source; text:
article body; subject:
politics/world news; date:
publication date.

title: Reuters-style political
or world-news headline; text:
article body; subject:
world/politics; date:
publication date.

title + text concatenated into
one input sequence; label
converted to 1 for fake and 0
for real.

Full article text exceeding
short-post length.

Training or testing a fake-
news classifier on article-
level false content.

Reference class for binary
comparison against fake
articles.

Input format for Transformer
and BigBird fine-tuning.

Useful for testing whether
BigBird preserves article-
level evidence better than
truncated BERT input.

Relevance to thesis

COVID-19 healthcare misinformation dataset with Supports binary detection and partial

news, social posts, and user engagements. social-context analysis.
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Reported paper version

Repository version

Typical fields

Diffusion suitability

4,251 news  items,

social-platform posts.

approximately
engagements, and 926 social-platform posts.

[83].

296,000 Provides a documented research baseline

5,216 news items, 296,752 engagements, and 958 Should be cited and documented if this

version is used [97].

News title/content, source, date, label, social post Useful for Transformer classification and

information, and engagement records.

Moderate; depends on

available
timestamps and relationship reconstruction.

partial engagement modelling.

engagement Can support partial cascade features but
may require additional processing.

Table F.8. Representative CoAID data-format examples for detection and partial diffusion analysis.

Dataset component

News item

News item

Social-platform post

Label / type

Fake / misinformation

Real / credible

Post related to news item

Engagement with related

Example field content
(shortened /  schema-
oriented)

title: COVID-19 health-

related claim; content: article
or post text; source: website
or social platform; label:
fake.

title:  verified COVID-19
healthcare report; content:
article text; source: credible
public-health or news source;
label: real.

post text; platform identifier;
associated news or claim;
optional date or metadata.

user identifier or anonymized
account reference;

Use in thesis

Input for Transformer-based
healthcare = misinformation
detection.

Reference class for binary
COVID-19 detection.

Short-text classification and
link between news content
and social discussion.

Partial evidence for
engagement-based diffusion

User engagement record

content engagement type; related analysis and cascade

news/post; time if available. |summarization.

Table F.9. Representative examples from the Albanian Fake News Corpus.

Label

“Vetém duke pérdorur sodén e bukés...” —a
clickbait-style claim that baking soda can
make skin appear much younger.

Fake

A sensational article claims to explain
effects during pregnancy and directs the
reader through advertising before opening

Fake

Example
Albanian text)

from

content Main signal for analysis

(shortened Thesis relevance

Useful for  detecting
Albanian  clickbait and
unsupported health-related
claims.

Sensational health/beauty
claim, exaggerated promise,
and promotional framing.

Useful for testing
robustness against noisy
low-resource web text.

Clickbait  wording, weak
evidence, and advertising-
driven structure.

the full article.

“Studimi gjerman...” — a report on COVID-
19 patients
mortality among ventilated cases.

True

“Qorraj: Projekti i Xhamis€ s€ Madhe...” — Named
a report quoting an engineer about the Great
Mosque project in Prishtina.

True

Useful for
health-news
in Albanian.

detailed Useful for  modelling
source, clalied’  uthentic  Albanian news

explanation, and local news . .
xplan ’ WS discourse and named-entity
reporting.

patterns.

multilingual
classification

Numerical reporting,
institutional study reference,
and public-health context.

in German hospitals and

Appendix F.1. Raw Examples and Sample Records for Content-Based Datasets

The following tables preserve the detailed preprocessing, schema, sequence-policy and quality-control

information moved from Section 2.4. They are retained here to keep the methodology chapter readable

while maintaining full reproducibility of the preprocessing decisions.

Table F.10. Text cleaning and normalization operations used in the thesis.

Operation

Recommended treatment Reason for inclusion
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Duplicate removal

Missing-text handling

URL handling

User mentions

Remove exact duplicates; document near-duplicates.
Remove empty essential text; retain partial metadata
only for diffusion use.

Replace URLs with <URL> rather than deleting link
evidence.

Replace usernames with <USER>; preserve IDs

only for networks.

Hashtags

Emojis and emoticons

Preserve or segment meaningful hashtags; remove
only redundant symbols.

Map common emojis to descriptive tokens where
useful.

Lowercase only when a lexical preprocessing variant

Prevents inflated performance and repeated
cascade counts.

Protects classifier quality while preserving
temporal evidence.

Preserves and

signals.

source article-sharing

Reduces sparsity and protects privacy.

Keeps topic, and campaign

information.

event,

Preserves affective or sarcastic signals.

Balances sparsity reduction with model

Casin, . .

& is used; preserve case for cased Transformers. requirements.
Punctuation and | Normalize whitespace and excessive punctuation; Improves tokenization and  retains
whitespace preserve boundaries. structure.

Non-standard spellings

Language-specific
characters

Normalize obvious elongated or informal forms.

Preserve € and ¢; avoid forced ASCII conversion.

Reduces sparsity in noisy short texts [99],
[112].

Maintains  Albanian  semantic  and

morphological information.

Table F.11. Dataset-specific considerations for text cleaning and normalization.

Dataset group

Constraint@AAAI2021

FRN

ISOT

CoAID

Albanian Fake News Corpus

Hoaxy / OSoMeNet

Main text characteristics

Short COVID-19 social-media posts with
URLs, hashtags, and crisis-related
vocabulary.

Long political and general news articles with
article-level structure.

Long fake and real news articles with formal
news style and political topics.

COVID-19 news items, claims, social posts,
and health-related content.

Albanian news text with low-resource

language characteristics.

Retweet records with user IDs, tweet IDs,
timestamps, and claim/fact-checking labels.

Table F.12. Quality-control checks after text cleaning.

Quality-control check

Record count comparison

Class balance check

Text-length statistics
Duplicate audit

Timestamp validation

Identifier preservation

Augmentation separation

Expected verification

Compare number of records before and
after cleaning.

Recalculate fake/real distribution after

cleaning.

Report minimum, maximum, mean, and
median text length.

Identify exact and near-duplicate records.

Check format, missing values, and

chronological order.

Verify user IDs, tweet IDs, and cascade

Documents
substantial data.

Preserves temporal
construction.

Cleaning priority

Normalize noise while preserving health-
related named entities and claims.

Preserve paragraphs and context; avoid
excessive truncation before BigBird input
preparation.

Remove metadata artifacts, duplicated article
fragments, and source-format inconsistencies.

Preserve medical terms, institution names,
and public-health references.

Preserve Albanian characters, local names,
and language-specific morphology.

Do not remove identifiers or timestamps
required for temporal-network analysis.

Reason for high-quality evaluation

whether  cleaning removed

Ensures that cleaning did not distort binary
labels.

Supports model selection between BERT-style
models and BigBird.

Reduces risk of train-test leakage.

evidence for cascade

Maintains network structure for SIR/SEIZ and

IDs where applicable. ABC modelling.
Keep generated or back-translated data out Prevents evaluation contamination and inflated
of validation/test partitions. performance.

Table F.13. Dataset-specific label harmonization strategy.
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Dataset

Constraint@AAAI2021

FRN

ISOT Fake News Dataset

CoAID

Albanian Fake News Corpus

Hoaxy / OSoMeNet

Original label structure

fake / real COVID-19 posts

fake / real long-form news
articles

Fake.csv and True.csv file-
level separation

COVID-19 fake/reliable
news, social posts, and
engagements

fake / true Albanian news
folders or labels

claim and
retweet records

fact_checking

Binary mapping used in
thesis

fake -> 1; real >0

fake -> 1; real >0

records from Fake.csv -> 1;
records from True.csv -> 0

fake or  misinformation-
oriented records -> 1;
real/reliable records -> 0

fake -> 1; true -=> 0

claim can be treated as
misinformation-oriented;

fact checking as
corrective/reliable in diffusion

Important precaution

Preserve noisy social-media
markers when they may carry
semantic value, but remove
non-informative duplication.

Long articles should not be
truncated before the chosen
Transformer  strategy is
defined.

Remove duplicate or near-
duplicate  articles  before
splitting to avoid train-test
leakage.

Separate content
classification from
engagement-based diffusion
analysis.

Maintain  Albanian-specific
text normalization and avoid
aggressive preprocessing that
removes linguistic
information.

This mapping is used mainly
for diffusion analysis, not as a
direct supervised text label
unless tweet/article content is

analysis

Table F.14. Quality-control rules for binary label mapping.

Quality-control rule

Preserve raw labels

Separate uncertain labels

Prevent train-test leakage

Keep original test data

Track language and domain

Avoid direct belief inference

Table F.15. Recommended harmonized record schema after label mapping.

Field

dataset id

item_id

text

raw_label

Purpose

Maintains transparency and allows later
audit of mapping decisions.

Reduces label noise from ambiguous
cases.

Protects validity of evaluation metrics.

Ensures realistic evaluation.

Supports  cross-dataset and

language interpretation.

Cross-

Prevents overinterpretation of social-
network labels.

Description
Name or code of the source dataset.

Unique identifier of the article, claim,

post, tweet, or cascade item.
Cleaned textual content used for
classification.

Original dataset label before mapping.

retrieved.

Application in this thesis
Store both raw_label and binary label.

Unverified, doubtful, and partially false
labels are excluded from main binary
experiments or used only in sensitivity
analysis.

Remove duplicates and split before
augmentation where appropriate.

Use generated or back-translated data
only for training augmentation.

Record whether the item is English,
Albanian, COVID-19, political,
entertainment, or general news.

Treat retweets and claims as observable
diffusion  signals, not confirmed
psychological belief.

Use in later chapters

Supports dataset-wise model

comparison.

Prevents duplication and

traceability.

supports

Input to Transformer and baseline
classifiers.

Audit trail for relabelling decisions.
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binary label Canonical label: Fake = 1, Real = 0.

experiments.

Target variable for binary classification

Language of the text, e.g., English or | Supports multilingual and low-resource

language Albanian. analysis.
Topic domain such as COVID-19,

domain politics, health, entertainment, or general Supports cross-domain evaluation.
news.

split Train, validation, or test partition. Ensures reproducible evaluation.

Optional diffusion

cascade id / timestamp network datasets

Table F.16. Recommended sequence policies for binary detection experiments.

information for Used for temporal cascade construction
and SIR/SEIZ/ABC modelling.

Quality-control
requirement

Check that URLs, usernames,
and hashtags
consistently.

are handled

Document maximum length

truncation/chunking

Ensure that all windows from
one item remain in the same
train/test split.

Input type Preferred strategy Example
Lee eomplsic (50 Wiln o0 o i e min

Short post or tweet padding to maximum . ;

social-media message.

sequence length.

Title plus body article ancatenate title and body ISOT or FRN article. and
with separator token. .

policy.

Use BigBird or split into

Very long article overlapping . TR Long FRN or ISOT article.
aggregate predictions where
necessary.

Use multilingual tokenizer
and preserve original
orthography.

Albanian Fake News Corpus

Multilingual / Albanian text article.

Avoid removing diacritics or
named
justified.

entities unless

Table F.17. Main sources of noise in binary fake-news datasets and recommended handling procedures.

Noise source Typl.c al . Risk . for  binary Recommended handling Example datasets
manifestation detection
Incorrect  fake/real The classifier learns Check label source; flag
labels, outdated contradictory uncertain records; exclude

Label noise labels, weakly supervision and may unresolved cases from core All binary datasets
verified labels, become poorly binary experiments when
ambiguous claims. calibrated. necessary.

Table F.18. Recommended strategies for handling binary class imbalance.

Strategy type Method ‘When useful Main risk
Random oversampling Small or moderately o dupllcatg noisy
Data-level Lo . examples and increase
of the minority class  imbalanced datasets. .
overfitting.
Random undersampling Very lgrge majority May discard useful
Data-level .. class with redundant| examples and reduce
of the majority class .
examples. domain coverage.
Controlled ng-r§source or Generated e)falpples
Data-level augmentation minority-class may be unrealistic or
& shortage. label-inconsistent.
Algorithm-level Class-weighted loss Moderate to high Cap .ove'remphasme
imbalance. noisy minority labels.

. . Requires additional
Many easy majority tuning and may be
Algorithm-level Focal loss examples and hard & Y
. unstable on  small
minority cases.
datasets.
Decision-level Threshold tuning When probability May optimize

calibration matters. validation performance

Recommended thesis
use

Use only on the training
split; combine with
validation monitoring.

Use cautiously for large
datasets such as ISOT if
computation is limited.

Use for training only;
manually review
generated examples.

first-line
for

Preferred
strategy
Transformer models.

Use as a robustness
experiment, not as the
only training objective
[101].

Tune on validation data
only and report the
threshold.
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Evaluation-level

Macro-Fl1,
accuracy, PR-AUC

settings.

but fail under domain
shift.

balanced All imbalanced binary Metrics may emphasize

different trade-offs.

Report multiple metrics
rather than accuracy
alone.

Table F.19. Dataset-specific noise and imbalance considerations for the binary-focused thesis.

Dataset

Constraint@AAAI2021

FRN

ISOT

CoAID

Albanian Fake News
Corpus
Hoaxy / OSoMeNet

Likely noise issue

Short posts, platform-
style language,
hashtags, URLs,
emojis.

Long article bodies,
duplicate or source-
specific phrasing.

Publisher/source
artifacts and possible
topic-source
correlations.

Mixed formats: news,
social posts,
engagements, missing
URLs.

Low-resource
language, local
vocabulary, possible
small sample size.

Retweet-only visibility
and claim/fact-
checking source labels.

Likely imbalance
issue

Moderate fake/real
difference may still

appear in splits.

Generally close to
balanced but should be
checked after filtering.

Large dataset but class

balance must be

checked after

preprocessing.

May vary by

news/social-post

subset.

Potential class-size

limitations.

Claim and fact-

checking records may
unequally

be
distributed.

Recommended action

Use text normalization,
stratified splitting, and
macro-F1.

Deduplicate before
splitting; use long-
sequence policy.

Avoid source leakage;
split carefully; report
cross-domain results if
possible.

Separate  news-level
and  social-post-level
experiments.

Albanian
use

Preserve
orthography;
multilingual
Transformers; consider
training-only
augmentation.

Treat primarily as
diffusion data; analyze
claim and fact-checking
curves separately.

Table F.20. Quality-control checklist for noisy and imbalanced binary fake-news data.

Check

Class distribution

Duplicate control

Label consistency

Augmentation boundary

Threshold selection

Metric reporting

Probability calibration

Documentation

Required action

Report fake and real counts for training,

validation, and test splits.

Remove exact duplicates and control

near-duplicates before splitting.

Audit ambiguous or contradictory labels

and document mapping rules.

Apply augmentation only to training

data.

Tune

decision

validation data.

Report

precision, and balanced accuracy.

Check whether predicted probabilities

macro-F1, fake-class

are usable as risk signals.

Record all preprocessing and balancing

decisions.

threshold only on

Reason

Evaluation note

Report fake-class
recall because missing
fake health claims is
costly.

Compare standard
BERT truncation with
BigBird or chunking.

Do not rely only on
accuracy because
source artifacts may
inflate scores.

Report  subset-level
results to avoid hiding
imbalance.

Report macro-F1 and
confidence intervals if
possible.

Do not interpret
retweet absence as
non-exposure.

Ensures imbalance is visible and not

hidden by aggregate counts.

performance.

Prevents train-test leakage and inflated

Reduces the impact of label noise on

binary supervision.

evaluation.

Prevents test-set
recall, Supports  fair
imbalance.

Important for

Avoids contaminating validation or test

overfitting.

evaluation  under

linking detection to

diffusion modelling.

Improves
transparency.

reproducibility and thesis

Table F.21. Low-resource Albanian preprocessing challenges and recommended responses.

Challenge

Recommended

Risk for Transformer-based detection

response

preprocessing
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Diacritics and character variants

Small labelled corpus

Local names and political entities

Noisy web-style text

Negation and short function words

Long article bodies

Generated or back-translated data

Replacing or losing € and ¢ may change
tokenization and may reduce language-
specific information.

The model may overfit lexical patterns
or source-specific wording.

Removing named entities can remove
important credibility cues.

Clickbait  punctuation, advertising
fragments, URLs, and repeated symbols
may dominate the input.

Removing words such as nuk, jo, or s'
may reverse meaning.

Standard Transformer models
truncate important evidence.

may

Synthetic variants may introduce label
drift or leakage.

Use Unicode normalization and preserve
Albanian characters whenever possible.
A no-diacritic auxiliary version may be
stored only for analysis, not as a
replacement for the original text.

Use stratified cross-validation,
regularization, early stopping, and, if
needed, training-only augmentation.

Preserve person, party, institution,
location, and media-source names.

Remove URLs, duplicated punctuation,
HTML  fragments, and unrelated
advertising text while retaining the main
claim.

Do not apply aggressive stop-word
removal; preserve negation markers and
modal expressions.

Use titletlead+body strategies, sliding
windows, or hierarchical pooling when
articles exceed the model limit.

Use generated/paraphrased examples
only in training and verify that the label
meaning is preserved.

Table F.22. Multilingual Transformer preparation choices for Albanian fake-news detection.

Model / tokenizer Preparation strategy Expected benefit
LIrsee:ng‘flesewatlve Cle?}gfﬂ?ﬁ Provides multilingual transfer

mBERT / WordPiece P and can be fine-tuned with
orthography before

WordPiece tokenization.

limited Albanian labels.

Precaution

May split rare Albanian words
into many subwords; monitor
sequence length and
unknown-like fragmentation.

Can still be sensitive to noisy

XLM-RoBERTa Use raw-text compatlb}e Usually strong for cross spelling, malformed
. normalization and avoid lingual transfer and low- . . .
SentencePiece . punctuation, and inconsistent
manual word segmentation. | resource languages. .
casing.
Use only if a suitable
- ‘ multilingual or translatgd Ukl @ long Albriem Do pot assume English
BigBird-style long-input long-document  setup is . . pretrained long  models
: . articles if the model supports . .
model available;  otherwise use . automatically solve Albanian
L ) .. the language setting. . .
sliding windows with low-resource classification.

mBERT/XLM-R.

Generate paraphrases
from training examples and
keep the original test set

Back-translated augmentation

only

Increases lexical diversity in a Manual or rule-based checks
low-resource setting.

are needed to avoid label drift.

untouched.

Table F.23. Quality-control checklist for Albanian preprocessing and augmentation.

Quality-control item

Original-text preservation

Unicode normalization

Negation preservation

Entity preservation

Label consistency check

Required action before model training

Store the raw Albanian text together with the
cleaned version.

Use a consistent Unicode form and verify the
rendering of € and ¢.

Do not remove Albanian negation words such
as nuk, jo, ors'.

Keep names of people, institutions, locations,
parties, and media sources.

Review generated or paraphrased examples for
semantic and label preservation.

Purpose

Allows auditability and prevents irreversible
loss of meaning.

Reduces encoding inconsistencies without
removing language-specific information.

Prevents semantic reversal in fake/real

classification.

Maintains source and context
relevant to credibility.

signals

Prevents artificial data from changing the
truthfulness class.
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Tokenizer diagnosti .
okenizer diagnostics and subword fragmentation.

Document  preprocessing

Reproducibility log

tokenizer, maximum length, and split seed.

Record average token length, truncation rate, Ensures that multilingual tokenization does

not distort the dataset.

rules,

model Supports reproducibility and high-quality
thesis evaluation.

Appendix F.2. Field Interpretation, Evaluation Metrics and Model-Preparation Tables

Table F.24. Evaluation metrics recommended under noisy and imbalanced binary conditions.

Metric What it measures

Overall proportion of correct

Accurac ..
uracy predictions.

How many predicted fake items

Precision for fake class are truly fake.

How many true fake items are

Recall for fake class detected.

Harmonic mean of precision and

Fl-score recall.

Macro-F1 Average F1 across fake and real
classes.

Balanced accuracy Average recall across both
classes.

Precision-recall trade-off across
PReaU thresholds.
Agreement between predicted

Calibration error probabilities and observed labels.

Why it is useful

Simple and interpretable for
balanced datasets.

Useful when false accusations
of fake news are costly.

Important for health, election,
or safety misinformation.

Balances detection quality for
the fake class.

More robust for imbalanced
binary data.

Useful when class sizes differ
strongly.

Useful when fake items are
rare or minority class matters.

Important because pg(x) is
later used for diffusion-risk

Limitation

Can be misleading under class
imbalance.

Does not measure missed fake
items.

High recall may increase false
positives.

May hide real-class
performance if reported alone.

Can be sensitive when one
class has very few examples.

Does not
trade-offs.

show precision

Less intuitive than threshold-
based metrics.

Requires enough validation
data and careful binning.

modelling.

Appendix F.3. Dataset Schemas and Tokenization Implementation Details

Appendix F.3 retains compact supplementary schemas and quality-control checklists associated with
Section 2.4. They are placed in the appendix to keep the main preprocessing methodology focused on
the logic of the dissertation while preserving reproducibility material for implementation review.
Table F.17 documents the compact model-ready schema produced after tokenization. It supports
reproducibility without overloading the main text of Section 2.4.

Table F.25. Model-ready record schema after tokenization.

Field Description
record_id Unique identifier of the cleaned textual record.
clean_text Cleaned and normalized text used as tokenizer input.
raw_label Original dataset label preserved for auditability.
Ybin Harmonized binary fake/real target.
input_ids Subword token identifiers produced by the selected

tokenizer.
attention_mask Mask marking non-padding tokens.
split Training, validation or test split indicator.

Table F.18 summarizes the Transformer input checks that are applied after tokenization and before
training. The checks are supplementary because they concern implementation control rather than the
methodological argument.

Table F.26. Quality-control checklist for Transformer input preparation.

Check Purpose
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No empty tokenized records Prevents invalid model inputs.

No split leakage Ensures _ that duplicates or augmented texts do not cross train/test
boundaries.

Label mapping verified Checks that Ypip matches the documented mapping rule.

Confirms that the tokenizer belongs to the selected Transformer
architecture.

Table F.17 records the quality-control steps for Albanian preprocessing and controlled augmentation.

Tokenizer/model alignment

These steps support the low-resource detection experiments while preserving the original validation and
test evidence.

Table F.27. Quality-control checklist for Albanian preprocessing and augmentation.

Check Purpose

Albanian characters preserved Protects language-specific information.

Named entities retained Maintains local domain cues.

Augmentation restricted to training data Prevents leakage and artificial test-set evidence.

Table F.18 keeps tokenizer-specific implementation details in the appendix, while Section 2.4 states
only the model-level tokenization logic needed to understand the experimental pipeline.

Table F.28. Tokenization technical details retained as supplementary implementation material.

Detail Role in implementation

token_type_ids Used by selected BERT-style models when segment distinction is required.

Dynamic padding Pads.batches to the longest sequence in the batch to reduce unnecessary
padding.

Speciall ke Randline Adds architecture-specific markers such as classification and separator
tokens.

|CLS] and [SEP] BERT-style tokens used for classification input and sequence boundaries.

Defines whether text is truncated from the end, split into windows or

Truncation variants .
processed with long-sequence models.

Appendix F.4. Dataset Suitability, Ethics and Reproducibility Tables

Appendix F.4 preserves extended suitability and ethics tables that support the concise synthesis in
Section 2.7. These tables are placed in the appendix so that the main methodology remains focused
while the dataset-inclusion logic remains auditable.

Table F.17 supports the concise Section 2.7 discussion by documenting the final role assignment of
each retained dataset or cascade family.

Table F.29. Supplementary benchmark dataset-role classification used to support Section 2.7.

Dataset / family Dataset type Main evidence available Thesis role
Constraint@ 12021 Content-based benchmark Short COVID-related Prlmaq short-text Transformer
fake/real text. detection dataset.

Long-text detection and BigBird

FRN Content-based benchmark Long fake/real news articles. .
evaluation.

Large English fake/real news Binary classification and cross-

LEonr SOl TS articles. domain robustness benchmark.
. . COVID-19 healthcare Health-related detection dataset
Health misinformation| .. . . . . .
CoAID dataset misinformation and partial and partial bridge to social
engagement evidence. context.
Albanian - Fake News Low-resource content dataset Albanian fake/true news. il gl l ow-resource
Corpus Transformer evaluation.
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COVID-19 real

Twitter/X  fake-news Diffusion-oriented cascade
claim

Hoaxy / OSoMeNet

illegal-votes fake-news Diffusion-oriented cascade
claim

“Should One

Hoaxy Additional diffusion cascade

Tweet End a Career?”

Synthetic Albanian

Synthetic / validation cascade
temporal cascade

Timestamped  user-to-user | Principal empirical health

fake-news claim interactions. 'misinformation cascade.

Large  directed

cascade.

retweet | Principal empirical political fake-
news cascade.

Claim-labelled
cascade.

social | Comparative
case.

temporal-network

Generated timestamped claim | Low-resource  validation and

and fact-checking records. simulation support.

Table F.18 expands Equation (2.31) and provides the qualitative checklist behind the content-based

dataset selection process.

Table F.30. Detailed criteria for assessing Transformer-based fake-news detection suitability.

Criterion High-suitability condition Reason

Label reliability Labels can be consistently mapped to fake/real. Requ1‘red R R OB
detection.

Text availability Each record contains usable text after preprocessing. Required for tokenization and
Transformer input.
Reduces  unstable training and

Class coverage

Domain relevance

Reproducibility

Both fake and real classes are sufficiently represented. . .
misleading accuracy.

Dataset matches a thesis domain such as COVID-19, Supports the empirical scope of Chapter
health, politics, general news or Albanian language. 3.

Splits, labels and preprocessing choices can be Supports author-generated experimental
documented. results.

Table F.17 expands Equation (2.32) and documents why diffusion datasets require more than labelled

text.

Table F.31. Detailed criteria for assessing temporal diffusion, SIR/SEIZ and ABC/ABC-SMC suitability.

Criterion

Timestamp availability

Directed interactions

Claim-level scope

State-proxy compatibility

ABC summaries

High-suitability condition Reason

Records contain event times or can be ordered Required for I ey (t), Icum (t) and time-

reliably. to-peak analysis.
. Required fo temporal-network
Source-target or user-to-user edges are available. cquired - ot mporat-networ
reconstruction.

Events can be assigned to a specific fake-news

. Prevents mixing unrelated cascades.
claim.

Observable events can support active spreading, Supports SIR/SEIZ modelling without
exposure or corrective proxies. claiming to observe private beliefs.

Cascade size, peak, breadth, depth or forecast Required for ABC/ABC-SMC distance
quantities can be extracted. and posterior predictive evaluation.

Table F.18 preserves the supplementary audit trail for the ethics and reproducibility decisions

summarized in Section 2.7.3.

Table F.32. Supplementary ethics and reproducibility audit checklist for the retained data layer.

Audit item

Dataset role

User identifier handling

Claim filtering

Required documentation Purpose

State whether the dataset supports detection

diffusion, validation or literature-only discussion. il ugt iwtalioter| o,

Use identifiers only as technical nodes and avoid  Protects privacy and keeps the analysis

user profiling. aggregate.
Document site_type and claim-level filtering rules. Ensures . T ST
- construction.
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Report the time window used for I,ew(t) and Supports reproducible SIR/SEIZ and

Temporal aggregation Lo (©). ABC inputs.

Identify synthetic or augmented data as support Prevents overclaiming in validation
rather than empirical evidence. experiments.

Appendix G. Supplementary Mathematical Derivations, Posterior
Distributions and Credible Intervals

Appendix G consolidates supplementary mathematical derivations, full posterior-distribution records,

Synthetic data boundary

credible-interval details and implementation-oriented notes for ABC/ABC-SMC inference.

Appendix G.1. Supplementary Theoretical Notes and Derivations for ABC-Based Fake-
News Diffusion Methodology
Supplementary community-spread context. Political fake-news claims may circulate strongly inside
ideologically aligned communities, while health-related fake-news claims may cross community
boundaries through urgency, fear or public-health relevance. This literature-level context supports the
use of community-spread indicators in Section 2.5, but it is not treated as an additional operational
methodology in the main text [53], [55].
Appendix G.1 retains detailed theoretical notes moved from Section 2.6 so that the main methodology
remains concise while preserving derivations and literature connections for audit and examination
purposes.
Theorem 2.6.2 (ABC rejection target distribution). Assume that theta is sampled from the prior p(theta),
simulated data D;,,, are generated from the simulator p(Ds;,y, | theta), and theta is accepted when the
distance between simulated and observed summary statistics is below a tolerance epsilon. Then
accepted samples are drawn from an approximate posterior distribution proportional to Equation (G.1).

PaBc(6 | Dops) X p(0) [ 1{0(Ssim, Sobs) < €}P(Dsim | 6) dDgjiry (G.1)
Proof sketch. The ABC algorithm samples theta from p(theta), then samples Dy, from p(Dsip, | theta).
The joint density of accepted pairs is therefore the product p(theta)p(Dsip, | theta) multiplied by an
acceptance indicator. Marginalizing over all possible simulated datasets gives Equation (G.1). This
identity is the basis of rejection ABC and its extensions [79], [76].
For fake-news cascades, the summary statistic vector can include temporal, structural, network, and
content-derived variables. A suitable vector is shown in Equation (G.2).

S(D) = [Cr. tpeato Tinaxs des be Tamean r ] (G2)

Here Cr is final cascade size, tpeax 1S time to peak, 17,,¢ 18 maximum spreading rate, d, is cascade
depth, b, is cascade breadth, Tyyeapn is mean inter-event time, and py is the mean Transformer fake-

news probability across cascade items.

p(Sobs:Ssim) = Zk Wi |SlgbS - Sliiml (G.3)
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Equation (G.3) defines a weighted distance function. The weights w; ..., ws control the importance of

each feature. For example, if early warning is the main objective, tpeak and 7max may receive higher
weights; if final cascade size is the main objective, Cr may receive higher weight.
Theorem 2.6.3 (Convergence under sufficient summaries). If S(D) is sufficient for theta and the ABC
tolerance epsilon tends to zero, then the ABC posterior based on S(D) converges to the exact Bayesian
posterior conditioned on the observed summaries. If S(D) is also sufficient for the full data D, this
limiting distribution is equivalent to the exact posterior p(theta | D).
Interpretation for this thesis. This theorem explains why the choice of summary statistics is central. If
the selected cascade summaries do not capture the important features of diffusion, ABC will estimate
parameters that match only superficial properties of the observed data. Therefore, the summaries used
in this thesis must represent cascade size, timing, depth, growth rate, network structure, and
Transformer-based content risk. The importance of summary-statistic selection and dimension
reduction is emphasized in ABC methodological reviews [76], [86].
. BigBird-Assisted SEIZ Modelling
The BigSEIZ framework proposed by Vula and Guliashki is directly relevant because it explicitly
connects a long-sequence Transformer model, BigBird, with SEIZ epidemic modelling for fake-news
spread on Twitter temporal networks [83]. The methodological value of this work for the present thesis
is that it treats fake-news analysis as a hybrid problem: semantic detection is performed at the content
layer, while temporal network diffusion is analysed at the propagation layer.
In a thesis implementation, BigBird can process long news articles, claims, or threads and produce a
fake-news probability score. This score can be denoted as:

pr(x;) = P(y; = fake | x;) (G.4)
where x; is the text of post or article i. This probability can then be incorporated into the transmission
component of a SEIZ model. A content-aware transmission coefficient may be written as:

Bij () = Bowy;(®) [1 + App(x)] [1 + n¢j] (G.5)
where f3;;(t) is the time-dependent transmission coefficient from user j to user i, 8, is the baseline
transmission rate, w;;(t) is the temporal interaction weight, ps(x;) is the BigBird fake-news
probability, ¢; is the centrality or influence of the spreading user, and A and n regulate the contribution
of content risk and user influence. This formulation is thesis-specific, but it follows the methodological
logic of connecting BigBird-based semantic representation with SEIZ-based temporal diffusion [83].
The IEEE TechDefense 2025 work “A Hybrid NLP-Epidemiological Model for Fake News Network:
BigBird-Assisted SEIZ Modelling with Approximate Bayesian Computation” is directly related to the
dissertation because it connects BigBird-assisted fake-news identification with SEIZ modelling and
ABC inference [89]. The IEEE Women in Engineering special-session record also documents that this

poster received a Best Poster award [188]. This source is used as evidence of dissertation-related
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publication activity, while the mathematical ABC procedure is developed independently and supported
by the broader ABC literature [24], [25], [104], [107], [180].
. ABC for Network Spreading Processes
Dutta, Mira, and Onnela proposed a Bayesian inference framework for spreading processes on networks
[76]. Their work is important for this thesis because it demonstrates that ABC can be applied when the
spreading process occurs on a known network and the available observations are incomplete snapshots
of node states. The target of inference is not only the spreading parameter but also the source node of
the process. This is directly analogous to fake-news diffusion, where the researcher may observe which
users shared a claim at several time points but may not observe all exposures or private interactions.
The corresponding fake-news interpretation is as follows: if a temporal Twitter/X network is
represented as G_T = (V,E_T), and each node is observed as susceptible, exposed, infected, skeptic,
or recovered at selected time points, ABC can be used to estimate the parameters that most plausibly
generated the observed cascade. The source node can also be inferred probabilistically, which is useful
for identifying the earliest influential spreaders or suspicious seed accounts.
Dutta et al. also provide the ABCpy framework for high-performance Approximate Bayesian
Computation [107]. For this dissertation, ABCpy-style modularity is relevant because preprocessing,
simulation, distance computation and posterior sampling can be treated as separate auditable
components. For fake-news dynamics, the analogous control problem is intervention planning: warning
labels, visibility reduction, debunking messages or influencer-based correction can be represented by
increasing delta or gamma, or by reducing beta.
. ABC on Twitter Information Cascades
Carrignon, Bentley, and Ruck used ABC on Twitter data documenting the spread of true and false
information [102]. Their work is useful because it applies ABC to online information cascades rather
than biological disease alone. They compare simulated cultural-transmission models with observed
cascade distributions, showing how ABC can be used to evaluate model plausibility when the full
likelihood of online transmission is difficult to calculate.
For the proposed thesis, this supports the use of cascade-level summary statistics such as final cascade
size, retweet distribution, and temporal growth pattern. While Carrignon et al. focus on cultural-
transmission models, the same simulation-comparison logic can be applied to SIR and SEIZ fake-news
models when the goal is to estimate parameters from observed temporal network cascades.
Supplementary ABC-SMC Model-Comparison Equations
Model-comparison formulation: SIR versus SEIZ
Let the observed temporal fake-news cascade be denoted by D,ps. Two candidate models are
considered:

M = {M; = SIR,M, = SEIZ} (G.6)

For the SIR model, the parameter vector can be written as:
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Osir = (B, 1o) (G.7)
where beta is the transmission rate, gamma is the recovery or forgetting rate, and I, is the initial number
of active spreaders. For the SEIZ model, the parameter vector is richer:

Oseiz = (B, b, 0.1, p, €,6,50,Eo, 1o, Zo) (G.8)
Here beta is the contact rate between susceptible users and spreaders, b is the contact rate between
susceptible users and skeptics, p is the probability of immediate adoption, 1 is the probability of
becoming skeptical, rho is the exposed-spreader interaction rate, epsilon is the transition rate from
exposed to spreader, and delta is the debunking or correction rate. The initial state variables Sy, Ey, Iy,
and Z, describe the starting configuration of the cascade.
Bayesian model comparison treats the model itself as an unknown variable. The exact posterior model
probability can be expressed as:
P(M | Do) < P(M) [ P(Dyps | 031, M)p (83 | M) dBy, (G.9)
However, the likelihood term P(Dgys | Op1, M) is usually unavailable for fake-news cascades because
many relevant events are hidden: users may read content without reacting, share through private
channels, delete posts, or be exposed through recommendation systems. ABC replaces this unavailable
likelihood with simulation. The approximate posterior model probability can be written as:
Pagc(M | Dops) o P(M) [ Pr{p(Ssim, Sobs) < € | Oy, M3p(6y | M) d6)y (G.10)
In Equation (G.10), S(D) is a vector of summary statistics, rho is a distance function, and epsilon is the
tolerance threshold. Under ABC-SMC, the tolerance threshold is progressively reduced across
populations, so later accepted particles represent increasingly close matches to the observed cascade
[106], [104].
Posterior model probability and parameter estimation
After the final ABC-SMC population is obtained, posterior parameter distributions are estimated from
the accepted and weighted particles. The posterior probability of a candidate model can be approximated
as:

Papc(M =m | Dops) = Xiw; 1(M; = m) (G.11)
where w; is the normalized weight of particle i and I(M; = m) is an indicator that equals one if the
particle belongs to model m. This expression allows the researcher to estimate whether the observed
fake-news cascade is better explained by a simple SIR process or by the more detailed SEIZ process.
In addition, the posterior particles provide credible intervals for parameters such as beta, gamma,
epsilon, 1, and delta. Such intervals are important because fake-news diffusion data are noisy and
partially observed, so single-point parameter estimates can create a false sense of precision [90], [102].
Summary statistics for model comparison
For the SIR-SEIZ comparison, the summary statistics should capture both the temporal shape and the

structural properties of the cascade. A suitable vector is:

S(D) = [CT: tpeak: Tmax» Ac» Dey Zshares ﬁf] (G.12)
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Here Cy is the final cascade size, tpeak 18 the time to peak spreading, 7inax is the maximum spreading
rate, d. is cascade depth, b, is cascade breadth, zgp, 4. 1S the observed or approximated skeptical/non-
sharing proportion, and pr is the average Transformer-based fake-news probability. The final term links
the content-detection layer to the diffusion-inference layer. A possible distance function is:

P(Sobs: Ssim) = Zie i [S2°° — S| (G.13)
The weights w;...,ws should be chosen according to the purpose of the analysis. For early-warning
systems, the time to peak and maximum spreading rate may be more important. For damage estimation,
final cascade size and cascade depth may receive higher weights. For comparing SIR and SEIZ, the
skeptical or non-sharing statistic is especially informative because SIR does not explicitly model
skeptical users, whereas SEIZ does.
Appendix G.2. Supplementary Motivation for Likelihood-Free Inference and
Implementation Context
Table G.1. Motivation for likelihood-free inference in fake-news epidemic modelling.

Observed difficulty Meaning in fake-news cascades Why ABC is useful

Simulation can include unobserved
exposure states even if only reposts are
observed.

Users may see a post without reposting,

Hidden exposure commenting, or liking.

Bots, duplicates, missing timestamps, and deleted Distance functions can compare robust

Noisy observations . . L
Y posts distort the cascade. summaries rather than exact event histories.

A repost does not necessarily prove belief, and Latent states such as E and Z can be inferred

Witenorn oS isit e silence does not prove rejection. probabilistically.

The probability of later shares depends on earlier Stochastic simulations can reproduce time-

Temporal dependence shares and network order. dependent cascades.

The full probability of the cascade is not available

Intractable likelihood .
in closed form.

ABC avoids explicit likelihood calculation.
Appendix G.3. ABC summary statistics and distance-function specification

The following supplementary material expands the technical audit trail for the ABC and ABC-SMC
inference layer. It is intentionally placed in Appendix G so that Sections 3.5 and 3.6 remain results-
focused and are not repeated. The tables and equations below document the extended summary-statistic
vector, the standardized distance construction, posterior credible intervals and the component-level
computation of the baseline diffusion-risk functional.

Sext(Dobs) = (Cr. Ipeaks tpeaks AUCUcum), 17, 130, too) (G.14)
In Equation (G.14), Cr is the final cumulative cascade size, Ipeax is the maximum new-spreader count,
tpeak 18 the time to peak, AUC(I¢ym) is the area under the cumulative infected curve, I; and I3, are the
early-spreader counts during the first 7 and 30 days, and tqq is the time required to reach 90% of the
final cascade size.

Table G.2 extends the compact ABC target evidence reported in Section 3.6.1. It is not a second
interpretation of the SIR/SEIZ results; it records the technical summary vector used to compare

observed and simulated fake-news cascade trajectories.

Table G.2. Extended ABC summary-statistic vector used for posterior inference.
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. COVID-19 Twitter/X fake-news Hoaxy / OSoMeNet “Three million
ABC summary statistic

claim votes” claim
Observation window 2020-02-02 to 2020-12-31 2016-05-16 to 2016-09-26
Daily windows 334 134
Final I, 95,599 149,079
Peak I ey 5,892 4,660
Peak date 2020-07-30 2016-09-08
Time to peak (days) 179 115
Days to 90% final size 322 119
AUC of Iy 18,197,133 8,712,522
First 7-day spreaders 16 10,289
First 30-day spreaders 1,922 15,225
deurve Usim, lobs) = W (G.15)
dsummary(ssim: Sobs) =l Z(Ssim) — 2(Sobs) Il2 (G.16)
dagc = adeyrve + (1 — a)dsummary (G.17)

Equations (H.15)-(H.17) define the supplementary distance construction. The standardized summary
distance prevents large-scale quantities such as final size and AUC from dominating smaller timing
quantities, while the curve component remains the main target because the purpose is to reproduce the
full cumulative spreading trajectory.

Appendix G.4. Posterior parameter distributions and credible intervals

This subsection gives the full posterior-distribution records behind the compact posterior summary
reported in Section 3.6. The values should be read as uncertainty intervals conditional on the selected
simulator, priors, tolerance schedule and summary statistics.

Tables H.3-H.5 supplement the compact posterior values in Chapter 3 by reporting distributional
uncertainty. They should not be read as new model-fitting results; they are the audit trail behind the

posterior estimates already summarized in Section 3.6.

Table G.3. ABC-SIR posterior parameter estimates and 95% credible intervals.

Dataset Parameter Mean Median SD 2.5% 97.5%
COVID-19 beta 0.19667 0.19515 0.01741 0.16666 0.23416
COVID-19 gamma 0.10249 0.10243 0.012122 0.082218 0.12762
COVID-19 RO 1.927 1.9223 0.093317 1.7733 2.1134
Hoaxy beta 0.054983 0.055056 0.0016407 0.052106 0.057981
Hoaxy gamma 0.0052291 0.005192 0.00085817 0.003772 0.0071409
Hoaxy RO 10.775 10.572 1.6684 8.0378 14.195
Table G.4. ABC-SEIZ posterior parameter estimates for the COVID-19 Twitter/X fake-news cascade.
Parameter Mean Median SD 2.5% 97.5%
beta 1.0968 1.0762 0.14112 0.84879 1.3861
b 0.1342 0.12899 0.030224 0.08448 0.19834
p 0.69873 0.69803 0.057028 0.5869 0.81925
1 0.092394 0.091512 0.040153 0.008891 0.1686
epsilon 0.010111 0.0099706 0.001704 0.0072491 0.013836
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rho 0.00048268 0.00046762 0.00012845 0.00027831 0.00076659
gamma 0.27603 0.27106 0.060468 0.17865 0.41969
delta 0.39594 0.39921 0.070647 0.26002 0.5

Table G.5. ABC-SEIZ posterior parameter estimates for the Hoaxy / OSoMeNet fake-news cascade.

Parameter Mean Median SD 2.5% 97.5%

beta 1.1855¢-05 le-05 3.2829¢-06 le-05 2.1785e-05

b 1.8852 2 0.1708 1.4281 2

p 0.012394 0.01184 0.0091162 0 0.031918

1 0.036275 0.035914 0.009719 0.017086 0.055573
epsilon 0.043851 0.042814 0.0083104 0.031086 0.063328
rho 1.1377e-05 le-05 2.5604e-06 le-05 1.9974e-05
gamma 0.0087209 0.0085732 0.0019061 0.0057081 0.012993
delta 0.0010334 0.0010149 0.00022608 0.00067631 0.0014442

Appendix G.5. Posterior predictive intervals and calibration diagnostics
Table G.6. ABC-SEIZ posterior predictive final-size intervals.

Final I .,,,: observed /
Dataset Posterior model Final tolerance Relative L2 median / 95%
interval

ABC-SEIZ; 400 95,599/ 84,921/

COVID-19 Twitter/X particles 0.0923 0.0463 [72,269, 97,574]
ABC-SEIZ; 400 149,079 / 140,408 /
Hoaxy / OSoMeNet particles 0.0635 0.0469 [124,983, 155,833]

Table G.7 clarifies that ABC-SMC-SEIZ is not a different epidemic mechanism from ABC-SEIZ. It is
a sequential calibration procedure applied to the same SEIZ state structure, with lower posterior
predictive error under the same observed cumulative trajectories.

Table G.7. Supplementary posterior predictive calibration comparison between ABC-SEIZ and ABC-SMC-
SEIZ.

ABC-SMC-SEIZ

Dataset ABC-SEIZ error error Error reduction Interpretation
IRl 1L =02 625 IRl L2 = QLR Rel. L2 lower b ﬁgcfi;?ihiccflli‘lﬁzg?qser
COVID-19 Twitter/X RMSE =2,836; MAE RMSE = 2,377; MAE : wer by p Vv !
_ _ 16.2% under the same SEIZ
2212 = 1,900
structure.
Rel. L2 = 0.0469; Rel. L2 = 0.0392; Rel. 12 lower b Atzsg-erc gves
Hoaxy / OSoMeNet ~ RMSE =3,805; MAE RMSE =3,182; MAE o~ oWy stronger sequentia
~3979 —9657 16.4% calibration for the

smoother cascade.

Appendix G.6. Supplementary computation of the Baseline Posterior Fake-News
Diffusion-Risk Functional

The baseline risk functional is already defined in Equations (2.24)-(2.26) and discussed in Section 3.8.
The supplementary material below does not redefine the method; it records how the reported component

values are calculated from existing Chapter 3 outputs.

Ds?(&)lse — Icum(t+313)_1cum(t) (Glg)
base _ . . nbase
R385 = pr(x) - (1+ AA,(1)) - D3 (G.19)
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Equation (G.18) gives the normalized 30-day posterior predictive growth component used in the
demonstration, while Equation (G.19) expresses the corresponding baseline risk score when the
amplification coefficient is set to the illustrative value 4 = 1.

Table G.8 makes the risk-functional demonstration auditable. The values are horizon-specific and
should not be interpreted as a universal ranking of platforms or misinformation domains.

Table G.8. Component-level computation of the baseline posterior diffusion-risk functional.

. . base base Forecast
Empirical cascade pr(xc) A(t) D% R3} validation
COVID-19 RMSE = 7,189;

. 0.0616=5,892/  0.0207 = (82,531 - Ny priwag
Tw1tter/)_( fake- 0.914 95,599 80,556) /95,599 approx. 0.020 Eonnahzed RMSE
news claim =0.075
Hoaxy / _ _ )
OSoMeNet 0.0273 =4272 0.1980 = (144,564 RMSE = 4,019;

litical fake-news 0.963 156.556 -113,565) / approx. 0.196 normalized RMSE
Slilim ’ 156,556 =0.027

Appendix H. Additional Diffusion and Calibration Plots

Appendix H retains additional classification diagnostics, temporal-network visualizations,
compartment-transition plots and posterior calibration figures that support Chapter 3 without
overloading the main results chapter. Figures H.1-1.3 support the detection diagnostics in Section 3.3,
Figures H.4-1.7 support the temporal-network discussion in Section 3.4, Figures H.8-1.9 support the
compartment interpretation in Section 3.5, and Figures H.10-1.13 support the ABC/ABC-SMC
calibration discussion in Section 3.6.

Figure H.1 complements the ISOT baseline discussion by showing the residual error pattern of the

strongest classical model. It is retained as a supplementary diagnostic and should be read together with
the RoBERTa comparison in Section 3.3.2.

ISOT best classical baseline confusion matrix

4000
REAL 4248

3000
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FAKE 4659

1000

REAL FAKE
Predicted label

True label

Figure H.1. Confusion matrix for the best-performing ISOT classical baseline (Linear SVM + TF-IDF).
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Figure H.2 retains the standalone ROC visualization for the strongest ISOT Transformer setting. It

complements Figure 3.3, where the ROC curve and confusion matrix are presented together in the main

text.
ROC Curve for the Best-Performing RoBERTa Setting
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Figure H.2. Standalone ROC curve for the best-performing ISOT RoBERTa title-body setting.
Figure H.3 supports the CoAID longer-news discussion in Section 3.3.2 by showing that the long-

sequence BigBird-RoBERTa setting recovers most fake healthcare items despite strong class
imbalance.

CoAID longer news items: BigBird-RoBERTa-base

800

700

REAL - 600
500

400

300

FAKE 200
100

REAL FAKE
Predicted label
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Figure H.3. CoAID BigBird-RoBERTa-base confusion matrix for longer news items.

Diffusion-oriented temporal-network visualizations

Figure H.4 supports Section 3.4.3 by showing the reduced core of the COVID-19 temporal network;
the full model fitting relies on the complete I,y (t) and Iy (t) trajectories, not only on this

visualization.
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Temporal-network core graph for the real Twitter/X COVID-19 fake-news claim cascade

Filtered records: site_type = covid_fake_claim; directed edges represent from_user_id — to_user_id retweet/spread interactions
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Figure H.4. Core temporal-network graph for the real Twitter/X COVID-19 fake-news claim cascade.
Figure H.5 supports Section 3.4.3 by showing the Hoaxy / OSoMeNet network core; it visualizes the

hub-centred structure behind the large political fake-news cascade.
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Directed edges represent from_user_id - to_user_id retweet/spread interactions; claim-only post-election data
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Figure H.5. Temporal-network core graph for the Hoaxy / OSoMeNet fake-news claim “Three million votes in
the Presidential Election were cast by illegal aliens.”

Figure H.6 documents the auxiliary Hoaxy-imported social cascade and remains supplementary because

this case is not used as a principal ABC/ABC-SMC inference target.
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Tomporal-network graph for the Hoaxy-imported fake-news claim “Should One Tweet End a Career?”

Directed edges represent from_user_id — to_user_id retweet/quote/spread interactions; site_type = claim

vvvvv s, 805 nodes, 809 directed edges
t: 774 nodes; top source hub out-degree: 755

Figure H.6. Temporal-network graph for the Hoaxy-imported fake-news claim “Should One Tweet End a
Career?”.
Figure H.7 documents the synthetic Albanian validation cascade and should be interpreted only as

pipeline validation rather than empirical Twitter/X or Hoaxy evidence.

Temporal-network graph for the synthetic Albanian fake-news claim

@ Main source hubs © Retweet / spreading users
@ Relay users —— Directed spreading edges

Figure H.7. Temporal-network graph for the synthetic Albanian fake-news claim “Shqipéria do t€ presé 100 mijé
palestinezé nga Gaza.”

SIR/SEIZ fitting and compartment-transition graphics
Figure H.8 supports the SIR/SEIZ comparison in Section 3.5 by retaining the Hoaxy SIR compartment

decomposition outside the main chapter.
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SIR compartment transitions for Hoaxy / OSoMeNet fake-news cascade
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Figure H.8. Supplementary SIR compartment-transition curves for the Hoaxy / OSoMeNet “Three million
votes” fake-news claim cascade.

Figure H.9 supports the SEIZ interpretation in Section 3.5 by retaining the Hoaxy exposed and skeptic-
state decomposition outside the main chapter.

SEIZ compartment transitions for Hoaxy / OSoMeNet fake-news cascade
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Figure H.9. Supplementary SEIZ compartment-transition curves for the Hoaxy / OSoMeNet “Three million

votes” fake-news claim cascade.
ABC, ABC-SMC, posterior predictive and forecast calibration graphics

Figure H.10 supports the posterior predictive validation in Section 3.6.2 by providing the standalone
COVID-19 ABC-SEIZ fit.
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ABC-SEIZ Model Fit to Tweet Data
COVID-19 Twitter/X fake-news cascade
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Figure H.10. Supplementary ABC-SEIZ posterior predictive fit for the COVID-19 real Twitter/X fake-news
cascade.

Figure H.11 supports the posterior predictive validation in Section 3.6.2 by providing the standalone
Hoaxy ABC-SEIZ fit.

ABC-SEIZ Model Fit to Tweet Data
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Figure H.11. Supplementary ABC-SEIZ posterior predictive fit for the Hoaxy / OSoMeNet “Three million votes”
fake-news cascade.

Figure H.12 supports the ABC-SMC calibration discussion in Section 3.6.3 by retaining the COVID-

19 comparative posterior predictive plot.
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ABC-SEIZ and ABC-SMC-SEIZ Posterior Predictive Fit
COVID-19 Twitter/X fake-news cascade
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Figure H.12. Supplementary comparative ABC-SEIZ and ABC-SMC-SEIZ posterior predictive fit for the
COVID-19 real Twitter/X fake-news claim cascade.

Figure H.13 supports the ABC-SMC calibration discussion in Section 3.6.3 by retaining the Hoaxy
comparative posterior predictive plot.

ABC-SEIZ and ABC-SMC-SEIZ Posterior Predictive Fit
Hoaxy / OSoMeNet “Three million votes” fake-news cascade
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Figure H.13. Supplementary comparative ABC-SEIZ and ABC-SMC-SEIZ posterior predictive fit for the Hoaxy

/ OSoMeNet “Three million votes” fake-news claim cascade.
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  𝜌  (   S obs ,   S sim ) =   ∑  k ​    w  k  |   S  k obs −   S  k sim |
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    w 5


    t peak


    r max


    C  T


    D obs


    p  f  (   x  i ) = P  (   y  i = fake ∣   x  i )


    x  i


    𝛽  i j  ( t ) =   𝛽 0     w  i j  ( t )    [ 1 + 𝜆   p  f  (   x  i ) ]    [ 1 + 𝜂   c  j ]


    𝛽  i j  ( t )
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    w  i j  ( t )


    p  f  (   x  i )
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  G _ T   =   ( V ,   E _ T ) ,


    D obs


  ℳ = {   M 1 = SIR ,   M 2 = SEIZ }


    𝜃 SIR =  ( 𝛽 , 𝛾 ,   I 0 )


    I 0


    𝜃 SEIZ =  ( 𝛽 , b , p , l , 𝜌 , 𝜀 , 𝛿 ,   S 0 ,   E 0 ,   I 0 ,   Z 0 )
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    Z 0


  P  ( M ∣   D obs ) ∝ P  ( M ) ∫ P  (   D obs ∣   𝜃  M , M ) p  (   𝜃  M ∣ M )   d   𝜃  M


    D obs


    𝜃  M


    P ABC  ( M ∣   D obs ) ∝ P  ( M ) ∫ Pr  { 𝜌  (   S sim ,   S obs ) ≤ 𝜀 ∣   𝜃  M , M } p  (   𝜃  M ∣ M )   d   𝜃  M


    P ABC  ( M = m ∣   D obs ) ≈   ∑  i ​    w  i 𝟏  (   M  i = m )


    w  i


    M  i


  S  ( D ) =  [   C  T ,   t peak ,   r max ,   d  c ,   b  c ,   z share ,     p ‾  f ]
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    r max


    d  c


    b  c


    z share


      p ‾  f


  𝜌  (   S obs ,   S sim ) =   ∑  k ​    w  k  |   S  k obs −   S  k sim |


    w 1


    w 5


    S ext  (   D obs ) =  (   C  T ,   I peak ,   t peak , AUC  (   I cum ) ,   I 7 ,   I 30 ,   t 90 )


    C  T


    I peak


    t peak


  AUC  (   I cum )


    I 7


    I 30


    t 90


    𝑰  𝐜 𝐮 𝐦


    𝑰  𝐧 𝐞 𝐰


    𝑰  𝐜 𝐮 𝐦


    d curve  (   I sim ,   I obs ) =   ∥   I sim  ( t ) −   I obs  ( t )  ∥ 2  ∥   I obs  ( t )  ∥ 2


    d summary  (   s sim ,   s obs ) = ∥ z  (   s sim ) − z  (   s obs )  ∥ 2


    d ABC = 𝛼   d curve +  ( 1 − 𝛼 )   d summary


    𝑰  𝐜 𝐮 𝐦


    D 30 base =     I cum  ( t + 30 ) −   I cum  ( t )    N  c


    R 30 base =   p  f  (   x  c ) ⋅  ( 1 + 𝜆   A  c  ( t ) ) ⋅   D 30 base


  𝜆 = 1


    𝒑  𝒇  (   𝒙  𝒄 )


    𝑨  𝒄  ( 𝒕 )


    𝑫  𝟑 𝟎  𝐛 𝐚 𝐬 𝐞


    𝑹  𝟑 𝟎  𝐛 𝐚 𝐬 𝐞


    I new  ( t )


    I cum  ( t )

