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3 Kristel Vula

The dissertation consists of an introduction, four chapters, a conclusion section with future
research directions, a separate thesis-contributions section, a list of five publications related
to the dissertation, a declaration of originality, a bibliography of 191 references and
appendices with supplementary reproducibility materials.

The introduction motivates the dissertation by explaining why fake news must be analysed
both as textual content and as a social diffusion process. It introduces the need for a model
that connects content-level detection with temporal spread, epidemic-style interpretation and
uncertainty-aware inference.

Chapter 1 presents the theoretical foundations of fake-news detection, Transformer-based
language modelling, temporal networks, SIR/SEIZ epidemic models and Approximate
Bayesian Computation. It identifies the research gaps that motivate the integrated framework.
Chapter 2 defines the proposed Transformer-ABC-Epidemic framework. It presents dataset
selection, preprocessing, binary label harmonization, temporal cascade construction,
SIR/SEIZ modelling, ABC/ABC-SMC inference, posterior prediction, intervention scenarios,
ethics and reproducibility boundaries.

Chapter 3 reports the experimental results. It evaluates Transformer-based fake-news
detection across content datasets, reconstructs temporal cascades, compares SIR and SEIZ
diffusion models, estimates posterior uncertainty using ABC and ABC-SMC, and tests
counterfactual intervention scenarios.

Chapter 4 summarizes the obtained results, limitations and future research. The thesis
contributions and the publications connected to the dissertation are presented after the

conclusions.

Introduction

This abstract presents the dissertation as an integrated study of fake-news detection and fake-
news diffusion on social networks. The work starts from the observation that fake news is not
only a textual credibility problem, but also a dynamic social process shaped by visibility,
repeated exposure, user interaction and platform amplification. For this reason, the thesis
connects Transformer-based binary detection with temporal-network cascade reconstruction,
epidemic-style SIR/SEI1Z modelling and likelihood-free Bayesian inference through ABC and
ABC-SMC [2]-[4], [6]-[12], [19]-[25], [52]-[55].

The main methodological idea is a content-to-cascade framework. A Transformer model
estimates the probability that a claim or article belongs to the fake-news class; timestamped
interactions then show whether that content becomes socially active; SIR and SEIZ models

describe the observed spreading trajectory; and ABC/ABC-SMC estimates posterior

Abstracts of Dissertations 2026 (10) 3-56



Transformer-Based Detection and Epidemic-Model Analysis of Fake-News Dynamics on Social Networks 4
uncertainty in diffusion parameters. This layered interpretation prevents classification
accuracy, cascade size and posterior forecasts from being treated as the same type of
evidence.

The dissertation is intentionally cautious in its interpretation. A repost is treated as an
observable spreading event, not as proof of belief; a silence or missing interaction is not
interpreted as rejection; and intervention scenarios are treated as controlled counterfactual
simulations rather than causal measurements of real platform policy. The resulting framework
is therefore designed for reproducible academic analysis and decision-support reasoning
under uncertainty.

The empirical part evaluates short-text, long-text, healthcare and low-resource Albanian fake-
news detection, reconstructs principal temporal cascades, compares SIR and SEIZ dynamics,
estimates posterior parameter regions and examines how early debunking or visibility
reduction may influence future cascade growth. The final contribution is an auditable
framework that links textual credibility, temporal amplification, epidemic-state interpretation

and posterior predictive.

Chapter 1. Literature Review and Theoretical Foundations

Chapter 1 builds the conceptual and methodological foundation of the dissertation. It reviews
definitions of fake news, classical and Transformer-based detection, ensemble and hybrid
approaches, temporal-network diffusion, epidemic and rumour-spreading models, and
Approximate Bayesian Computation. The chapter concludes by identifying research gaps and

deriving the dissertation goal, research questions and tasks.

1.1 Introduction

Chapter 1 establishes the theoretical foundation of the dissertation. It shows that fake-news
research has developed through several complementary directions: conceptual definitions,
classical machine learning, contextual Transformer detection, temporal networks, epidemic
and rumour models and ABC-based uncertainty inference. The chapter therefore prepares the
transition from a simple fake/real classification task to an integrated detection-diffusion
framework [1]-[4], [52]-[55].

1.2 Defining Fake News

1.2.1 Fake News: Definitions and Characteristics

Fake news is treated in the dissertation as false, misleading, partially false or manipulatively

framed information distributed in a news-like or claim-like form. This working definition is
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5 Kristel Vula

broad enough to include articles, social-media posts, health misinformation and political
narratives, while still preserving the distinction between labelled data and verified truth.
Binary labels are used for modelling, but the resulting score is interpreted as a probabilistic

credibility signal rather than an absolute fact-checking judgement [2]-[4], [30].

1.2.2 Related Concepts

The

malinformation, rumour, satire, clickbait, doubtful news and infodemic cannot be collapsed

related concepts in Table 1.1 clarify why misinformation, disinformation,
without methodological caution. The table is retained because it defines the vocabulary used

later for label harmonization, dataset interpretation and the distinction between content-level

detection and diffusion-level modelling [2], [3], [30], [41].

Table 1.1. Main concepts related to fake news and their relevance to detection.

Concept

Misinformation

Disinformation

Malinformation

Rumors

Propaganda

Satire / parody

Clickbait

Doubtful news

Infodemic

Meaning

False or inaccurate information that
may be shared without deliberate
intent to deceive.

False or misleading information
produced or disseminated
deliberately to deceive.

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
designed to influence beliefs,
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,

inaccurate, and misleading

Abstracts of Dissertations 2026 (10) 3-56

Relevance to fake-news detection
Important when the intention of the source is
unknown, unavailable, or not directly
observable in the dataset [41].

Closest to the narrow definition of fake news
and highly relevant to intentional
manipulation [2], [3].

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 relevant to public-health

misinformation and COVID-19 fake-news
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information, especially during research [30].

crises.
1.2.3 Challenges in Defining Fake News

The main definitional challenge is that truthfulness may depend on context, timing, source
evidence and later verification. Annotation ambiguity, sarcasm, satire, missing context and
partial truth can cause disagreement among fact-checkers or dataset annotators. This justifies
the thesis choice to preserve original labels as metadata, exclude ambiguous records when
necessary and interpret model outputs as uncertainty-aware credibility estimates [3], [4], [30],
[111].

1.3 Classical Machine Learning Approaches for Fake-News Detection

1.3.1 Text Representation Methods

Classical fake-news detection represents text through Bag-of-Words, TF-IDF, word or
character n-grams and stylometric features. These representations are efficient and
interpretable, but they are limited when misinformation depends on context, paraphrase, irony
or long-range semantic relations. They remain important in the dissertation because they

provide transparent baselines for evaluating Transformer-based detection [3], [45], [46].

1.3.2 Classical Classification Models

Table 1.2 summarizes the main classical classifiers retained as baseline literature: Logistic
Regression, Naive Bayes, SVM, Random Forest and boosting methods. Their value is
interpretability and reproducibility, while their limitation is weak contextual understanding
and sensitivity to domain shift [42]-[46].

Table 1.2. Classical machine learning approaches for fake-news detection.

Approach Typical features Representative Strengths Limitations
literature
Logistic TF-IDF, n-grams, Shu et al. [3]; Simple, Limited ability to
Regression metadata Agarwal et al. [45];  interpretable, and model nonlinear
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, TF- Agarwal et al. [45]; | effective for small conditional-
IDF Zhang et al. [46] text datasets. independence
assumption.
Support Vector TF-IDF, word and Joachims [42]; Effective in high- Requires careful
Machine character n-grams Agarwal et al. [45]; = dimensional sparse  kernel and

Zhang et al. [46]

spaces.

parameter selection

Abstracts of Dissertations 2026 (10) 3-56



7 Kristel Vula
Random Forest Stylometric, lexical,
readability, and
metadata features

Gradient Boosting
/ XGBoost

Lexical, stylistic,
metadata, and

structured features

Breiman [43];

Agarwal et al. [45];

Zhang et al. [46]

Chen and Guestrin
[44]; Zhang et al.
[46]

Robust to noisy
engineered features
and useful for
feature importance.
Strong predictive

performance with

engineered features.

for large datasets.
Less suitable for
very sparse text
without feature
reduction.

Requires tuning and
may overfit noisy or
biased labels.

1.3.3 Advantages and Limitations

Classical models remain useful because they reveal whether a dataset is separable through
surface lexical or source-style cues. However, fake-news texts often involve implicit
contradiction, careful framing and topic transfer, which require contextual representations.
This limitation motivates the Transformer layer of the proposed framework while preserving

classical methods as comparison points.

1.4 Transformer-Based Models for Fake-News Detection

1.4.1 Transformer Architecture and Attention Mechanism

Transformer models use self-attention to represent relations among tokens, entities, numbers
and claims within a sequence. This mechanism is central for fake-news detection because
misleading content often depends on contextual relations rather than isolated words. The
reviewed attention principle explains why BERT-style models can improve over sparse

lexical baselines [6]-[8].

1.4.2 BERT and RoBERTa-Based Detection

BERT and RoBERTa are reviewed as the main contextual architectures for binary fake-news
classification. BERT provides bidirectional contextual encoding, while RoOBERTa improves
training choices and often increases robustness. In the thesis framework, their role is to

estimate a fake-news probability that can later be connected to temporal cascade evidence [6],

[8].
1.4.3 Multilingual Transformer Models

Multilingual BERT and XLM-RoBERTa are relevant because misinformation research
should not remain limited to English datasets. Their shared subword representations make it
possible to evaluate low-resource Albanian fake-news detection while preserving the same

binary detection logic used for English and healthcare datasets [9], [11].

Abstracts of Dissertations 2026 (10) 3-56
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1.4.4 Long-Sequence Models

Long-document fake-news detection requires models that reduce the information loss caused
by truncation. BigBird is reviewed because sparse attention allows longer article evidence to
be processed more efficiently, making it suitable when misleading cues appear beyond the
first part of an article [12].

1.4.5 Sentence-Level, LLM and Emerging Directions

SBERT and large language models are treated as relevant but auxiliary directions. Sentence
embeddings support claim comparison, while LLMs may assist explanation or controlled
augmentation. However, generated outputs are not treated as labels or ground truth because
hallucination, bias and overconfidence remain methodological risks [10], [47]-[49], [181]-
[183].

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

Model Core idea Relevance to fake-news detection
BERT Bidirectional Transformer encoder pre- Strong baseline for contextual fake-news
trained with masked language modelling. classification [6].
RoBERTa Optimized BERT training with more data, Often improves robustness and
dynamic masking, and no next-sentence classification performance [8].
prediction.
MBERT Multilingual BERT trained across 104 Useful for cross-lingual or multilingual
languages. fake-news detection [9].
BigBird Sparse-attention Transformer that combines Useful for full-article fake-news detection

local/window, random, and global attention because it reduces information loss caused

to model long sequences with linear attention | by truncating long articles to the first 512

complexity. tokens [12].
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 large Useful for multilingual detection and
RoBERTa multilingual CommonCrawl data. transfer across languages [11].
Large Generative Transformer models used for Support augmentation and zero-shot
Language augmentation, explanation, and zero-shot detection; require caution due to
Models tasks. hallucination and bias.

1.4.6 Limitations of Transformer-Based Detection

Transformer detectors can be computationally expensive, less transparent than classical
baselines and vulnerable to adversarial paraphrase or domain shift. Their probabilities must
therefore be validated and interpreted as content-risk scores, especially when they are later
used as inputs for cascade and epidemic modelling [50], [51].

Abstracts of Dissertations 2026 (10) 3-56



9 Kristel Vula

1.5 Ensemble and Hybrid Approaches for Fake-News Detection

Ensemble and hybrid detectors are reviewed because they can combine lexical, neural,
metadata or graph-based signals. The dissertation does not implement a voting or stacking
ensemble as the core detector, because the downstream diffusion layer requires a clear and
auditable Transformer probability. The framework is hybrid at the analytical level: content
detection, temporal networks, SEIZ dynamics and ABC uncertainty are linked as separate

evidence layers.

1.6 Temporal-Network Approaches to Fake News Diffusion

Temporal networks provide the bridge between fake-news detection and social-risk
modelling. Unlike static graphs, they preserve the chronological order of retweets, replies,
reposts or shares, allowing only time-respecting paths. The retained cascade quantities,
including new active spreaders, cumulative spreaders, time to peak and inter-event delay,
become the empirical summaries used later for SIR/SEIZ fitting and ABC inference [52]-
[55].

&O—® 9)*@*@

S: Susceptible ‘ ‘ E: Exposed I: Spreading [ ’ Z: Skeptical | R: Recovered/Removed

Figure 1.1. Temporal fake-news cascade with time-ordered user states.

1.7 Epidemic and Fake-News Spreading Models

Epidemic and rumour models offer an interpretable language for modelling fake-news
diffusion through states such as susceptible, exposed, active spreading, recovered and skeptic.
Table 1.4 is retained because it maps biological terminology to observable social-media
proxies while emphasizing that online sharing is only an approximation of contagion [31]-
[36].

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

Epidemic concept Disease interpretation Fake-news Observable proxy in
interpretation social data
Susceptible Individual who can be infected = User who has not yet Follower relation,

engaged with the claim community membership,
but may be exposed timeline exposure

Exposed Individual infected but not yet = User who has seen a View/impression when

Abstracts of Dissertations 2026 (10) 3-56
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infectious claim but has not yet available; delayed reply;
shared it time lag before repost
Infected Individual currently User actively spreading Retweet, repost, quote,
transmitting disease the claim comment, share
Recovered/Removed | Individual no longer infectious | User stops spreading, No further sharing after

loses interest, or becomes = a correction or after

corrected cascade decay
Skeptic Not standard in SIR; used in User exposed to the Debunking reply,
rumor models claim but not spreading correction, non-

it, or rejecting/debunking = engagement after

it exposure
1.7.1 Classical Epidemic and Rumour Models

Classical SI, SIS, SIR and SEIR models provide the state-transition vocabulary, while Daley-
Kendall and Maki-Thompson rumour models introduce saturation, rejection and stopping
behaviour. This literature justifies using SIR as a transparent baseline and SEIZ as the richer
model for fake-news cascades [31], [32], [67], [71]-[75].

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 uncontrolled

Pastor-Satorras et al. = to active spreading. = diffusion, but has no
[72] correction,
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
become susceptible | not represent

again after repeated = permanent

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

delay or skepticism.
SEIR S>E->|->R Pastor-Satorras et al. | Users may observe Captures exposure
[72]; Centola [74]; content before delay, but does not

Abstracts of Dissertations 2026 (10) 3-56



11 Kristel Vula

Wang et al. [75] deciding whether to | explicitly represent
share it. skeptical or
debunking
behaviour.

1.7.2 SIR and SEIZ for Fake-News Diffusion

SIR represents users as susceptible, active spreaders and recovered or inactive participants.
SEIZ extends this structure with exposed and skeptic or non-spreading states, making it more
suitable for misinformation processes involving delay, hesitation and correction. The figures
and coefficient table are kept because they define the modelling interpretation used in
Chapter 3 [33]-[36], [73].

SIR state-transition graph for fake-news diffusion

arihg rdcovery / correctidn

5 1 R
Susceptible > Infected / active »|Recovered / removed
not yet spreading BSI/N spreader yi corrected or inactive

Interpretation: users move from potential exposure, te active spreading, to correction, inactivity, or removal.

Figure 1.2. SIR state-transition graph for fake-news diffusion.

SEIZ state-transition graph for fake-news diffusion

w

keotic influgifce

E Z
Exposed Skeptic

S decision delay  chgfllenge
Susceptible

R
Removed /
Corrected

I recovery / correction
Spreader

Interpretation: the Exposed and Skeptic states represent delayed adoption, non-spreading, questioning, and debunking behaviours.

Figure 1.3. SEIZ state-transition graph for fake-news diffusion.

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 / SElZ Transmission rate from active  Repost rate, exposure rate, edge

spreaders to susceptible users = weight, influencer centrality

v 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 skeptical = interactions

users

Abstracts of Dissertations 2026 (10) 3-56
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p SElZ Probability of direct adoption = Immediate repost probability after
after contact with a spreader first exposure

I 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 SEIZ | Correction or debunking rate Warning labels, fact-checks, official

corrections

1.7.3 Limits of the Epidemic Analogy

The epidemic analogy is useful but incomplete. Platform data do not reveal every exposure,
private share, deleted post or silent rejection, and reposting does not prove belief. This
limitation motivates posterior uncertainty estimation rather than deterministic point fitting.

1.8 Approximate Bayesian Computation for Diffusion Inference

ABC is reviewed because fake-news diffusion can be simulated but its exact likelihood is
difficult to write. Candidate SIR or SEIZ parameters generate synthetic cascades; simulated
summaries are compared with observed summaries; and accepted particles approximate
posterior uncertainty. ABC-SMC refines this process through sequential tolerance reduction
[19]-[25], [40], [77]-[80].

1.9 Research Gaps and Open Problems

The literature gaps are connected: detection is often separated from diffusion, static graphs
hide time order, epidemic parameters are uncertain, datasets support different evidence layers
and intervention modelling is usually detached from posterior uncertainty. These gaps
motivate the Transformer-ABC-Epidemic framework, where content probability, temporal
cascade evidence, SEIZ dynamics and ABC/ABC-SMC posterior prediction are analysed
together [86]-[89].
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13 Kristel Vula

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

— — T

Detection and Prediction is
diffusion are weakly linked to
treated separately intervention

Static graphs
lose temporal
order

Epidemic

Datasets support
different evidence
layers

parameters are
uncertain

Transformer Temporal SIR / SEIZ ABC / ABC-SM( Forecast &
detection cascades models scenarios

posterior ]

Lyew (1) Leum (1) parameters

directed
time-stamped edges

| J

h 4

Py(x) = P(y = fake| x) posterior

prediction

baseline and main

: 2 diffusion . z
content-risk signal thochizibais credible intervals
Saaasis intervention ranking

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.

Table 1.7. Research gaps, methodological responses and expected evidence.

Research gap

Detection and diffusion
are often treated

separately.

Static graphs can hide
time-respecting
diffusion paths.

SIR/SEIZ parameters
are uncertain and only

partially observable.

Content datasets and
diffusion datasets
support different forms

of evidence.

Mitigation analysis
requires more than

classification labels.

Methodological
response in Chapter 2
Use Transformer fake-
news probability as a
content-risk signal and
link it to temporal
cascade construction.
Represent claims as
directed temporal
cascades with ordered

interactions and time-

indexed spreading curves.

Estimate parameter
uncertainty through ABC
and ABC-SMC using
observed cascade
summaries.

Separate content-oriented
datasets from diffusion-
oriented datasets and
define explicit dataset
roles.

Use posterior prediction
and counterfactual
intervention scenarios
under ABC-calibrated

diffusion models.
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Expected evidence in
Chapter 3

Detection metrics, claim-
level probabilities and
cascade eligibility

outputs.

I_new(t), |_cum(t),
cascade size, time to peak
and temporal-network

figures.

Posterior estimates,
credible intervals and
posterior predictive

calibration.

Distinct detection
experiments and diffusion
experiments with non-
interchangeable dataset
use.

Forecasts, intervention
scenarios and baseline
diffusion-risk functional

outputs.

Contribution to the
dissertation

Connects content
credibility with diffusion-

risk analysis.

Preserves the chronology
required for fake-news

diffusion modelling.

Provides uncertainty-
aware epidemic-model
inference for fake-news

cascades.

Improves methodological
validity and prevents
unsupported dataset

claims.

Supports intervention-
oriented reasoning from

the integrated framework.
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1.9.1 Research Questions Derived from the Literature Gaps

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

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

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

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

5) RQ5. Can a combined Transformer-temporal-network-ABC framework support

posterior prediction and intervention-oriented fake-news risk analysis?

1.10 Chapter Conclusion

Chapter 1 concludes that fake-news analysis requires integrated evidence rather than isolated
classification accuracy. The dissertation goal is therefore to develop and evaluate a
framework that
representation, SIR/SEIZ epidemic modelling and ABC/ABC-SMC posterior inference. The

connects Transformer-based language models, temporal-network
research tasks derived from this goal cover literature review, dataset separation, binary
detection, cascade construction, SIR-SEIZ comparison, uncertainty-aware inference and
intervention-oriented risk synthesis.

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

Literature direction

Fake-news definitions
and annotation
Classical machine
learning
Transformer-based
detection

Probability calibration

and robustness

Temporal-network

Main strength
Clarifies fake, doubtful,
misleading and related
concepts.

Interpretable, efficient
and useful as baseline

methodology.

Captures contextual
semantics and supports
probability scoring.
Supports reliable
interpretation of model
scores and cross-dataset
stability.

Preserves ordering,

Remaining limitation
Labels may be subjective,
incomplete or unstable
over time.

Limited contextual
understanding and weak
transfer under domain
shift.

Requires computation,
data quality and domain
adaptation.

Does not replace the need
for temporal diffusion

modelling.

Often disconnected from

Relevance to this thesis
Motivates careful binary
mapping and discussion
of annotation ambiguity.
Provides historical
background and
explainable comparison
points.

Forms the main content-
detection layer of the
proposed framework.
Motivates use of
calibrated Transformer
probability as an input to
the diffusion-risk layer.

Supports cascade
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analysis

Epidemic and rumor

models

ABC and ABC-SMC

inference

Intervention-oriented

modelling

delays and time-

respecting paths.

Represent spreading
states, thresholds and

cascade dynamics.

Estimates uncertain
parameters when
likelihoods are
intractable.

Connects prediction with

mitigation strategies.

content credibility labels.

Human behaviour and

hidden exposure are only

approximated.

Sensitive to summaries,

identifiability and
computational cost.

Often absent from

standard detection-only

approaches.

construction and
temporal diffusion and
path-memory features.
Provides SIR and SEIZ
foundations for fake-
news propagation
analysis.

Enables uncertainty-
aware calibration of
SIR/SEIZ diffusion
models.

Motivates posterior
prediction and
intervention analysis in
Chapter 2.

Chapter 2. Proposed Transformer—-ABC—-Epidemic Framework and

Methodology.

2.1 Overall Proposed Framework

Chapter 2 operationalizes the theoretical framework. The proposed methodology has four
layers: a data layer for content and diffusion datasets, a Transformer-based binary detection
layer, a temporal-network and epidemic modelling layer and an ABC/ABC-SMC inference

layer. Table 2.1 and Algorithm 2.1 are retained because they provide the traceability between

research questions, methodological components and Chapter 3 outputs.

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

Research question /
objective

RQ1: binary fake-
news detection across
text types and
languages

RQ2: temporal
cascade representation

of fake-news claims

RQ3: SIR versus SEIZ

diffusion modelling

Methodological
component

BERT, RoBERTa,
BigBird, mBERT, XLM-
RoBERTa and classical
baselines

Timestamp normalization,
directed edges, I,ew (1),
I.um (t) and cascade

features

SIR baseline and SEIZ

state mapping for active
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Dataset type

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

Chapter 3 evidence or
output

Accuracy, precision, recall,
F1-score, ROC-AUC and

error analysis

Cascade size, depth, breadth,
time to peak and temporal-

network graphs

Fitted spreading curves,

compartment trajectories and
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spreading, exposure and model-comparison tables
skepticism
RQA4: uncertainty- ABC and ABC-SMC Empirical diffusion- Posterior estimates, credible
aware epidemic posterior inference using | oriented cascades intervals, convergence and
parameter inference observed cascade calibration summaries
summaries
RQ5: posterior Posterior predictive Empirical cascades with = Forecast outputs, intervention
prediction and simulation, short-horizon | extracted time series scenarios and baseline
intervention analysis forecasting and diffusion-risk functional
counterfactual parameter evidence

perturbation

Algorithm 2.1. Transformer-ABC-Epidemic pipeline.
Input: content-based fake-news datasets, diffusion-oriented cascade records and

documented preprocessing rules.

1. Clean textual fields and harmonize labels into an auditable binary fake/real
representation.
2. Tokenize content according to the selected Transformer family and evaluate

the binary detection layer.

3. Extract or record the model-estimated fake-news probability prQ for
eligible claims.

4, Preserve timestamps, user or source-target identifiers, cascade identifiers
and action types for diffusion-oriented records.

5. Construct directed temporal cascades and compute Ipew(t), Ium(t) and network
summary statistics.

6. Fit SIR and SEIZ diffusion models to the empirical spreading curves.

7. Run ABC and ABC-SMC inference wusing 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 separates content-based evidence from diffusion-oriented evidence. Content
datasets must provide text and fake/real labels for supervised detection, whereas diffusion
datasets must provide timestamps, interactions and cascade structure for SIR/SEIZ and ABC
modelling. This distinction prevents classification datasets from being interpreted as
temporal-network evidence and supports reproducibility through documentation, ethics and
access constraints [30], [81]-[85], [90]-[94].

For diffusion-oriented analysis, dataset requirements are stricter. SIR, SEI1Z, 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
Lhew(t) and I, (t) quantities required for SEIZ and ABC/ABC-SMC modelling [90], [86]-
[89].

Content datasets Transformer
Constraint, FRN, ISOT, detection layer
CoAID, Albanian corpus p_f(x)

SIR / SEIZ
diffusion modelling

Diffusion datasets
COVID-19 cascade, Hoaxy,
Should One Tweet End a Career?,
Synthetic Albanian cascade

Temporal-network

construction
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.

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

Criterion

Label and text
quality

Binary class
balance

Domain,
language, and

length

Temporal

information

Interaction and
cascade
structure

Ethics and

Selection requirement

Reliable fake/real labels and

accessible text, title, claim, post,

or article content.

Sufficient representation of fake

and real classes, or a

documented imbalance strategy.

Coverage of health, politics,
general news, long articles,
short posts, and low-resource

languages.

Publication time, tweet time,
retweet delay, reply time, or
event chronology.

Retweets, replies, reposts,

comments, propagation trees, or

user-engagement records.

Licensing, privacy constraints,
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Role in binary
detection

Required for supervised
training and model
comparison.

Improves F1-score,
precision, recall, and
error analysis.
Supports cross-domain,
long-text, and
multilingual
Transformer
evaluation.

Useful for early-

detection experiments.

Can be used as
metadata when labels
and text are available.

Ensures responsible use

Role in diffusion / ABC

Defines which cascades are
treated as misinformation or
reliable content.

Avoids modelling only the
largest or most visible fake-
news cascades.

Enables comparison of
diffusion behaviour across

misinformation domains.

Essential for cascade growth,
time-to-peak, and posterior
prediction.

Required for temporal
networks, state transitions, and
SIR/SEIZ calibration.

Ensures responsible use of
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reproducibility | platform policy, anonymization, @ of labels and text. temporal-network and user-

and dataset documentation. level data.
Q(D) = Y wi C (D), k € {text,label, binary, time, network, ethics} (2.1)
In Equation (2.1), (D) represents the overall suitability score of dataset D. The term Ciex:(D)
measures textual availability and quality; Ciape (D) measures label reliability; Cyinary (D)
measures compatibility with the binary fake/real task; Cime(D) measures temporal
information; Cpetwork(DP) measures whether wuser interactions or cascades can be
reconstructed; and Ceipics(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.

2.3 Principal Datasets

2.3.1 Content-Based Datasets for Transformer Detection
The content datasets support binary detection across different conditions:
Constraint@AAAI2021 for short COVID-19 posts, FRN and ISOT for long-form or article-
style settings, CoOAID for health misinformation and the Albanian corpus for low-resource
multilingual evaluation. Table 2.3 is retained as the compact dataset-role summary [30], [81]-
[85].

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, short Binary fake-news detection in a crisis-

text information setting.
FRN general fake/real classification Long-text fake-news detection and 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-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 té
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presé 100 mijé palestinezé nga Gaza.” These datasets provide timestamped user-to-user or
claim-level records for directed temporal cascades, Inew(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 dataset strategy deliberately assigns different roles to content and diffusion evidence.
Content datasets train and evaluate the fake-news probability layer; diffusion datasets supply
time-ordered spreading curves and network structure. This separation is a methodological

safeguard against unsupported claims.

2.4 Data Preprocessing and Experimental Preparation

Preprocessing produces two coordinated outputs: content-ready records for Transformer
classification and diffusion-ready records for temporal cascade modelling. Ambiguous labels
are excluded from the main binary experiments when necessary, while augmented examples
are restricted to training data to prevent leakage. Table 2.4 summarizes the retained
preprocessing objectives.

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 credibility
FRN, ISOT, CoAID, signals for binary classification.
Albanian Fake News
Corpus
Label consistency All content-based datasets = Map heterogeneous labels into a common
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 normalization | Albanian Fake News Preserve Albanian-specific characters, named
Corpus 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 leakage | All datasets Document cleaning, split and augmentation rules
prevention so that experimental results can be reproduced.

2.4.1 Text Cleaning and Normalization
Text cleaning is conservative: duplicates and empty fields are controlled, while URLs,

hashtags, mentions and language-specific cues are preserved when they may carry credibility
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or diffusion meaning. This is especially important for short social-media texts and Albanian

records, where excessive normalization can remove useful information [86]-[89], [99], [112].

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

Operation

Duplicate and empty-text
control

URL, mention and hashtag
handling

Punctuation and casing

normalization

Treatment

Remove exact duplicates and empty
essential text fields.

Standardize rather than automatically
delete when the token may carry
credibility or diffusion meaning.
Normalize excessive punctuation and

casing while preserving sentence

Reason

Prevents inflated performance and
invalid training records.

Preserves topic, source and platform

signals.

Improves tokenization without

removing stylistic evidence.

boundaries.

Language-specific character Preserve Albanian characters such as | Maintains low-resource language

preservation éandg¢. information.

2.4.2 Label Harmonization

Binary label harmonization maps heterogeneous dataset labels into a common fake/real target
while preserving original labels as metadata. The equations and Table 2.6 document the
mapping principle and support transparent interpretation of all later detection results [81],
[83].

1, Iifthe item is fake-news-oriented,

. L . (2.2)
0, iftheitem is real orreliable.

Ybin = {
In Equation (2.2), vy, 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. 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 records claim can claim-> 1 ; fact_checking->0

be treated as misinformation-oriented; fact_checking

as corrective/reliable in diffusion analysis

2.4.3 Tokenization and Transformer Input Preparation
Tokenization converts cleaned text into model-ready input according to the selected
Transformer family. BERT/mBERT, RoBERTa/XLM-R and BigBird use different subword
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and sequence policies; therefore, tokenizer choice is treated as part of the experimental design
rather than a neutral technical detail.

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.

Transformer input preparation workflow

Clean text | —_ [ Model tokenizer | — |Subwurd cncadmg| — | Attention mask | — | Transformer input

Figure 2.2. Transformer tokenization and model-input preparation workflow.

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-news
maximum sequence length. detection, including multilingual support.
RoBERTa/ XLM-R Byte-level BPE or SentencePiece-style Robust subword handling for noisy or
subword modelling. 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 imbalance are handled through documented filtering, class-aware evaluation,
optional class-weighted loss and controlled training-only augmentation. The retained
equations and table define the imbalance ratio and weighted loss as methodological options,
while the main results emphasize fake-class recall, macro-F1 and ROC-AUC [100], [101].

R (D) — max(Nfake Nreal) (24)

min(ngake Nreal)

Equation (2.4) defines the class-imbalance ratio for a binary dataset D, where nge and npeq
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].
Lwpce = —[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.

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 Evaluation options that reduce over-reliance on accuracy.

Low-resource Albanian preprocessing workflow

Raw Albanian text | —»Ofthography preservgd—» |Controlled cleaning| —» [MBERT/XLM-R inputl — | Training support

Figure 2.3. Low-resource Albanian fake-news preprocessing workflow for multilingual Transformer input.

Table 2.9. Compact Albanian preprocessing challenges and responses.

Challenge Recommended response Reason

Language-specific characters = Preserve é and ¢; avoid forced ASCII Prevents loss of Albanian
conversion. orthographic information.

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

vocabulary credibility cues.

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

2.4.5 Preprocessing Workflow

For diffusion-oriented records, preprocessing is less aggressive than for text classification
because timestamps, user identifiers, interaction fields and cascade membership must be
preserved. The output is a quality-controlled event layer that becomes the input for temporal
cascade construction, SIR/SEIZ fitting and ABC distance calculation.

Diffusion-oriented preprocessing bridge

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

Figure 2.4. Preprocessing workflow for diffusion-oriented data before temporal cascade construction.
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 interactions | Allows directed source-target relations to be constructed later.
Preserve timestamps Supports temporal ordering, Iyew (), Icum(t), SIR/SEIZ fitting and ABC

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

changing the evidence.
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.

2.5 Temporal Cascade Construction and Network Representation
Section 2.5 defines the conversion from diffusion records to directed temporal cascades. Each
event keeps source, target, timestamp, action type, cascade identifier and claim label. This
representation preserves chronological information and allows observed spreading curves to
be extracted for later epidemic and Bayesian modelling [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, Iew (t), 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].

ex = (U, Uy, by, Ay, Ciy 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, cj 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.

Temporal cascade construction from diffusion-oriented records

Raw Standardize
‘ records > fields }_'

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

Group by N Sort by Build cascade Extract
item / claim time tree / graph summaries

Figure 2.5. Temporal cascade construction workflow from diffusion-oriented records to model-ready cascades.
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2.5.1 Cascade Preprocessing

Cascade preprocessing groups events by claim or source item, filters the retained fake-news
cases and preserves fields needed for temporal reconstruction. The model-ready schema and
cascade definition keep content probability connected with temporal evidence without

treating every record as a direct psychological state.

Ce = (VC' EZ' Xer Ve pf(xc))

In Equation (2.7), V. is the set of users or source nodes involved in the cascade, E7 is the set

(2.7)

of directed time-stamped interactions, x,. is the associated textual fake-news claim or article,

Y. is the harmonized claim label, and pf(x.) is the Transformer-based fake-news probability

used as a content-risk signal in the broader framework.

Element

Node

Directed edge

Timestamp

Weight

Cascade identifier

Table 2.11. Core elements of the temporal-network representation.

Definition in this thesis
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.

Example
Twitter/X user in Hoaxy;
source tweet in a retweet

cascade.

from_user_id ->to_user_id in

retweet data.

tweet_created_at in Twitter/X

or Hoaxy-style records.

Number of retweets between
two users or repeated
interactions.

Claim ID, source tweet or

external item label.

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

Use in later modelling
Defines the units that
can become susceptible,
exposed, spreading,
recovered or skeptical in
epidemic interpretation.
Represents possible
information-
transmission paths.
Allows temporal
ordering, time-to-peak
analysis and time-
respecting paths.
Supports weighted
diffusion modelling and
user-influence analysis.
Groups events for
cascade-level statistics
and ABC summary

features.

Field Definition Required role in the thesis

cascade_id Identifier linking all records that belong to = Groups records before feature extraction and
the same fake-news claim or source item. | SIR/SEIZ preparation.

source Originating user, source post, article or Defines the starting side of a directed temporal
previous node. edge.

target Receiving, reposting, replying or Defines the activated or affected side of a
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interacting user/node. directed temporal edge.
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, exposure
retweet, reply, repost, claim or fact- or correction proxies.

checking record.

claim_label Technical dataset value such as claim, Maintains the distinction between fake-news
covid_fake_claim or fact_checking. claim rows and auxiliary/corrective rows.

text_or_title Textual claim, article title or external-item | Links the temporal cascade to the Transformer-
description when available. based content layer.

2.5.2 Temporal Network Construction

Each claim-level event sequence is represented as a directed temporal network. Edges follow
observable interaction direction and are valid only when timestamps respect chronological
order. This prevents impossible static-graph paths and supports time-to-peak, reachability and

cascade-depth analysis.
Weighted temporal-network representation of fake-news diffusion

retweet
w=2, 13
—
share ¥
correction
w=1,1t5

w=3, 1l

T reply debunk "
w=1,t2 w=2,t6
s comment /
w=l,t4 g

- content spread - user amplification - correction/debunking

Figure 2.6. lllustration of nodes, directed edges, weights, and timestamps in a fake-news diffusion network.

P = [(ug,uq, t1), e, Uy Uy t) ], 6 <ty < <t (2.8)
In Equation (2.8), P denotes a time-respecting path; the claim can pass from one user to the
next only when the event times increase.

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 more
interpretation interaction occurs at least specific time or time suitable for cascade
once during the observation interval. reconstruction and diffusion
window. timing.
Path validity All connected paths may Only time-respecting Prevents impossible
appear valid after paths are valid. information-flow paths.

aggregation.

Useful features Degree, density, clustering Inter-event time, time to Temporal features support
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and communities. peak and time-respecting = SIR/SEIZ simulation and
reachability. ABC summary statistics.
Limitation Loses the order of events. Requires accurate Temporal modelling is more
timestamps and event demanding but more realistic
ordering. for fake-news spread.
Sout(i) = Zj Zt Wij (t) (2-9)

where s, (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.

Rec = e (2.10)

Etotal

where E..oss 1S the number of cascade edges connecting different communities and Eiq,; IS
the total number of cascade edges. The ratio is used as a structural indicator of whether a
fake-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], [58]-[61].
2.5.3 Cascade Features for SIR/SEIZ/ABC

The main cascade features are new active spreaders, cumulative active spreaders, final
cascade size, time to peak, growth rate and selected network descriptors. These features
connect descriptive temporal analysis with the summary statistics used in SIR/SEIZ
calibration and ABC/ABC-SMC inference.

The two central temporal activation measures are I ey (t) and I.ym (). Iew (t) is the number
of new unique active spreaders observed in a given time window, while I.,,(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. Cascade features for SIR/SEIZ/ABC summary extraction.

Feature Definition Use in SIR/SEIZ/ABC
Cascade size Total number of participating nodes or Used to compare final epidemic size and
unique active spreaders. posterior predictive saturation.
Inew (1) Number of newly active unique spreaders Used as the observed infected-time
in time window t. increment for diffusion dynamics.
Leum () Cumulative number of unique active Used as the main cumulative curve for
spreaders up to time t. model fitting and forecasting.
Time to peak Time between cascade start and maximum | Supports ABC summary statistics and
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Lew(0). timing comparison.
Inter-event time Time gaps between consecutive events in Describes burstiness and delayed

the cascade. activation.
Reach and breadth Number of users or branches reached by Supports descriptive comparison and

the cascade. posterior predictive checking.
Weighted outgoing Temporal sum of outgoing edge weights Identifies influential spreaders and
activity for each user. possible relay hubs.
Cross-community Share of edges crossing community Summarizes structural spread beyond the
ratio boundaries. initial community.

G =V, ED) (2.11)

In Equation (2.11), GI denotes the directed temporal cascade network associated with fake-
news claim c. The set V. contains the users, source accounts or source objects that appear as
nodes in the cascade. The set EY contains the directed time-stamped interactions observed for
the same claim, where an edge may be written as (u_i, u_j, t, w;;(t)) 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, (t), Icum(t), Cascade-
level features and SIR/SEIZ inputs are derived [52]-[55], [76].

The ordered activations of target users generate I, (t) and I, (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, (t),
I.um (1), 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/SEI1Z, ABC/ABC-SMC and Posterior Prediction Methodology

Section 2.6 defines the modelling core of the thesis. SIR provides a transparent baseline,
SEIZ models exposure and skepticism, ABC estimates uncertainty without an explicit
likelihood and ABC-SMC progressively improves posterior concentration. Posterior

prediction and intervention scenarios are then derived from the calibrated SEIZ layer.
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ABC calibration workflow

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

Figure 2.7. ABC workflow for calibrating fake-news epidemic parameters from temporal cascades.

2.6.1 SIR Baseline Model
SIR maps fake-news diffusion into susceptible users, active spreaders and recovered or
inactive users. It is retained because it is interpretable and provides a baseline trajectory

against which the richer SEIZ model can be evaluated.
Osir = (B, v, 1o) (2.12)

2.6.2 SEI1Z Main Diffusion Model
SEIZ is the main diffusion model because it includes exposed and skeptic or non-spreading
states. These states are latent modelling proxies for delayed adoption, hesitation, correction
and non-engagement, not direct measurements of user belief.

Oserz = (B.b, 0, L, p,&,7,8,50, Eo, 1o, Zo) (2.13)
Equations (2.12) and (2.13) define the SIR and SEIZ parameter vectors; SEIZ extends SIR

with exposure, skepticism, correction and initial-state terms.

2.6.3 ABC Inference
Let D,p,s 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(8 | Dops) < p(Dops | 8)p(6) (2.14)

The difficulty in Equation (2.14) is the likelihood term p(D,ps | 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].

Pagc(6 | Dobs) < p(0) [ 1{p(Ssim Sobs) < €}P(Dsim | 6) dDsim (2.15)
In Equation (2.15), Dg;,,, 1S @ 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.
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Table 2.15. Candidate prior distributions for ABC-based inference of fake-news epidemic parameters.
Parameter = Model Prior example Interpretation in fake-news propagation
B SIR/SEIZ Uniform(0.01, 0.80) Baseline rate at which active spreaders influence
susceptible users.
Y SIR/SEIZ Uniform(0.01, 0.50) Rate at which spreaders stop sharing, forget the
content or lose interest.

€ SElZ 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.

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

) SElIZ-modified | Uniform(0.00, 0.30) Correction or debunking rate caused by warnings, fact-
checks or counter-information.

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

ABC inference samples candidate parameters, simulates cascades and accepts parameter
values that reproduce the observed cascade summaries within a tolerance. This allows the
thesis to estimate plausible transmission, recovery, exposure and skepticism regions when the
exact cascade likelihood is unavailable [19]-[25].
S(D) = [Cr. tpeako Fmax: des bes Tmeans Py (2.16)
In Equation (2.16), Cr is final cascade size, tyeax is time to peak, 7. is the maximum
spreading rate, d is cascade depth, b, is cascade breadth, .4, iS the mean inter-event time
and p 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(Sobss Ssim) = i i [S2°° — SE™| (217)
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, tpeax and . 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.
pr(x;) = P(y; = fake | x;) (2.18)
In Equation (2.18), ps(x;) denotes the probability assigned by the Transformer detector that
textual item Xx; 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.
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Bii(©) = Bowi; () [1+ Aps(x)] [1 + ¢ (2.19)

In Equation (2.19), the effective transmission rate is adjusted by edge weight, Transformer
fake-news probability and local network influence.

2.6.4 ABC-SMC Inference

ABC-SMC improves rejection ABC by using sequential particle populations and decreasing
tolerances. The method is suitable for fake-news cascades because it concentrates posterior
mass around parameter regions that better reproduce observed temporal growth while still

reporting uncertainty.

ABC-5MC workflow for posterior refinement

Initial Tolerance simulate Weight + Tolerance Refined
particles e SIR&SEIZ [ *|  resam ple £2...5G posterior

Figure 2.8. ABC-SMC workflow for comparing SIR and SEI1Z on fake-news temporal cascades.
M = {SIR, SEIZ} (2.20)

Equation (2.20) defines the two candidate diffusion models compared under the same
observed cascade evidence.

Papc(M | Dops) &< P(M)Pppc(Dops | 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, (t) and
I.um (t) trajectories.
2.6.5 Posterior Predictive Simulation and Forecasting
Posterior predictive simulation propagates accepted parameter samples forward to estimate
short-horizon cascade growth. The output is not a deterministic forecast, but an interval-based

representation of plausible future diffusion under the fitted model assumptions.

DI~ M(8™), 6™ ~ papc(6 | Dops) (2.22)
In Equation (2.22), each future trajectory is generated by drawing an accepted posterior
parameter vector and simulating the diffusion model forward over the forecast horizon.
Bintervention = @B, 0<ap <1; Ointervention = @56, as>1  (2.23)
Equation (2.23) represents intervention scenarios: visibility reduction lowers beta, while

stronger debunking or correction increases delta.
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2.6.6 Baseline Posterior Fake-News Diffusion-Risk Functional

The baseline diffusion-risk functional combines Transformer fake-news probability,
temporal-network amplification and ABC-SMC-SEIZ posterior predictive growth. Its
purpose is synthesis and auditability: it makes the link between content risk, cascade activity
and expected future spread explicit.

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

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

7 Alcym C(t,h;@)
Rpase(c, h) = pf(xc)[l + AAC(t)]]EGMTgMC [N—c]

(2.24)
In Equation (2.24), p¢(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, w3M¢(0 | S2°%)
is the ABC-SMC posterior distribution of SEIZ parameters, I352.(t + h; 8) is the predicted
cumulative number of active spreaders at horizon h, I355, .(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.

Ac () = wilnewe(t) + W HZO™ () + w3 B (1), w1+ w,+twz=1 (2.29)
In Equation (2.25), I,,ew,c*norm(t) is the normalized number of new unique active spreaders
in the current time window, H2°™(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
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), Icum (t),
source hubs and relay users are the observable diffusion outputs.
If ABC-SMC returns M posterior particles {(6,,, w,,)} for m = 1...,M, Equation (2.24) can be

evaluated in particle form as:

Riase(€, 1) = ()1 + A ()] By iy [FmetOn] (2.26)
Equation (2.26) evaluates the risk functional with ABC-SMC particles by averaging predicted
growth across posterior samples and their weights.
2.6.7 Framework Integration
Framework integration connects the four layers into one reproducible pipeline. The content
layer identifies suspicious claims, the temporal layer reconstructs the observed spreading

process, the epidemic layer interprets state transitions and the Bayesian layer quantifies

parameter uncertainty and posterior predictive risk.
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I sim (O)—Iops )l

di2obs) Isim) = Tons (O, (2.27)
RMSE = 257 (Im(8) = fons (D)’ (2.28)
MAE = 237 i (£) — Los (£)] (2.29)
nRMSE = I“E"i‘f) (2.30)

Equations (2.27)-(2.30) define the error measures used to compare observed and simulated

spreading curves: relative L2 distance, RMSE, MAE and normalized RMSE.

2.7 Dataset Suitability, Ethics and Reproducibility Boundaries

Section 2.7 defines the validity boundaries of the framework. Dataset suitability is evaluated
separately for detection and diffusion tasks, while ethical handling requires anonymization,
platform-policy compliance, no inference of private belief and clear separation between

empirical observation and counterfactual simulation.

2.7.1 Suitability for Transformer-Based Fake-News Detection
A dataset is suitable for Transformer detection when it contains reliable labels, usable text,
adequate class representation and documented splits. The suitability score is used as a
transparent rubric rather than as a replacement for expert judgement.
For systematic comparison, the suitability of a content-based dataset D; for Transformer
detection can be expressed qualitatively as:

St(Dy) = wiL; + wrT; + wgB; + woQ; + wyN; (2.31)
In Equation (2.31), S+(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. Final content-based datasets retained for Transformer and classical machine-learning detection.

Dataset Primary detection role Reason for retention Methodological
boundary
Constraint@AAAI2021 Short COVID-related Supports short social- Used for content
fake/real text detection. media-style misinformation | detection, not for
classification under temporal diffusion
pandemic-information modelling.

conditions [30].
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FRN

ISOT

CoAID

Albanian Fake News

Corpus

Long-form fake/real

article detection.

Large English fake/real

article benchmark.

Healthcare

misinformation detection.

Low-resource Albanian

fake-news detection.

Provides long news articles
and supports long-sequence
Transformer evaluation,
including BigBird-style
modelling [12], [81], [95].
Provides a large binary
benchmark for classical and
Transformer comparison.
Connects fake-news
detection with health-
related misinformation and
partial social-context
evidence [83], [97].
Supports multilingual and
low-resource Transformer
evaluation [84], [85], [98].

Used for article-level
detection; no cascade
reconstruction is
inferred from the
corpus alone.

Used for content-
level robustness
analysis only.

Used mainly as a
content dataset;
social signals are not
treated as complete
temporal cascades.
Used for detection
and synthetic

validation support,

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 ps(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

A diffusion dataset must contain timestamps, cascade identifiers, directed interactions and
enough temporal volume to support summary statistics. This explains why only the principal
empirical cascades are used for posterior inference, while smaller or synthetic cases remain
supplementary.

Sp(D;) = wrT; + weCi + WgE; + wyM; + wiA; + woQ; (2.32)

In Equation (2.32), Sp(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.
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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 we
live, it’s also dramatically

affecting the way we die.”

“Three million votes in the
Presidential Election were

cast by illegal aliens.”

“Should One Tweet End a

Career?”

“Shqipéria do t& presé 100

mijé 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

I.um (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 empirical

Twitter/X evidence.

S(Di) = (CTf tpeak: Tmax de, be, qr, le) (2.33)

In Equation (2.33), Cy is the final cascade size, t,e is the time to peak diffusion, 7,y is the
maximum spreading rate, d, is cascade depth, b, is cascade breadth, qf is the Transformer
fake-news probability associated with the item, and n, 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].

2.7.3 Ethical, Privacy and Reproducibility Considerations
The framework uses observable public or documented interaction records responsibly. User
identifiers are handled according to dataset constraints, and model outputs are not interpreted

as private belief, persuasion or intention.

2.7.4 Methodological Assumptions and Validity Boundaries

The main assumptions are that Transformer probabilities are model-estimated risk scores,
cascade interactions are observable proxies, SEIZ states are latent modelling constructs and
intervention scenarios are simulations. These boundaries make the results defensible rather

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

Component
BERT, RoBERTa, BigBird,
mMBERT and XLM-RoBERTa

SIR and SEIZ diffusion

models

ABC and ABC-SMC

GNN and temporal graph

learning

Explainable Al

Large Language Models

Voting, stacking and

classifier ensembles

2.8 Chapter Summary

Status in this thesis

Implemented and

evaluated

Implemented and

evaluated

Implemented and
evaluated
Literature review and

future work

Future explanatory

extension

Auxiliary or support

role only

Literature review

only

Reason for status

They provide the operational Transformer detection
layer and generate the model-estimated fake-news
probability used by the framework.

They provide interpretable epidemic-state
representations for active spreading, stopping,
exposure and skepticism.

They quantify uncertainty in diffusion parameters
when exact likelihood evaluation is not feasible.

They require richer user-level graph data, reliable
follower or interaction networks and consistent
propagation labels than are available across all
retained datasets [121]-[129], [153]-[155].

LIME, SHAP and explainable fake-news systems are
relevant, but a full XAl layer would require a separate
explanation-validation protocol [115]-[117], [152],
[172].

LLMs can assist augmentation or analysis, but final
labels, evaluation sets and diffusion interpretations are
not generated from LLM output [47]-[49], [135]-
[136], [143]-[145].

They may improve accuracy but would reduce
traceability between the Transformer score and the

downstream diffusion-risk interpretation.

Chapter 2 translates the literature review into an operational methodology. It defines dataset
roles, preprocessing, temporal cascades, SIR/SEIZ modelling, ABC/ABC-SMC inference,
posterior prediction, intervention scenarios and ethical boundaries. Chapter 3 then evaluates
this pipeline empirically.

Chapter 3. Experimental Results and Discussion

3.1 Introduction

Chapter 3 reports the empirical execution of the framework. It first evaluates Transformer-
based binary detection, then reconstructs selected fake-news cascades, fits SIR and SEIZ
models, estimates posterior uncertainty with ABC/ABC-SMC and evaluates counterfactual
intervention scenarios. The chapter keeps content-level and diffusion-level evidence separate

before integrating them in the final discussion.
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3.2 Experimental Setup

The experimental setup follows the detection-diffusion-inference sequence. Content datasets
are evaluated at item level using accuracy, precision, recall, Fl-score and ROC-AUC;
diffusion datasets are evaluated at cascade level using time-ordered spreading curves,
SIR/SEIZ fit and posterior predictive behaviour. The two principal empirical cascades are the
COVID-19 Twitter/X case and the Hoaxy / OSoMeNet political claim case [30], [81]-[85],
[90], [108].

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

3.3 Transformer-Based Binary Detection Results and Comparative Analysis

Section 3.3 reports the detection layer. The objective is not to rank all possible fake-news
detectors, but to show how selected Transformer architectures behave across short-text, long-
document, healthcare and low-resource Albanian datasets. The results provide fake-class

probability outputs for the later cascade gate.

3.3.1 Results on Content-Based Datasets
Table 3.2. Author-generated detection performance on Constraint@AAAI12021 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%

On Constraint@AAAI2021 Task-A, BERT achieved the strongest short-text COVID-19
misinformation result, with 98.11% accuracy and 98.00% F1-score. The confusion matrix
and ROC curve support the conclusion that contextual representations improve over strong

classical baselines for this task.
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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@ AAAI12021 Task-A: (a) confusion matrix; (b) ROC

curve.
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 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.

3.3.2 Long-Text and Domain-Specific Detection Results

For long and domain-specific datasets, Transformer performance depends on text length and
topic. BigBird-RoBERTa was strongest on FRN and CoAID longer news, RoBERTa
performed best on ISOT and short healthcare claims, and classical TF-IDF baselines
remained useful reference points. The figures and tables are retained because they show
ranking quality and error distribution.

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 / subset | Text type Best Transformer = Fake F1 Macro-F1 ROC-
setting AUC
FRN Long political/general  BigBird- 0.9691 0.9692 0.9946
articles RoBERTa-base
ISOT Large English article RoBERTa title- 0.9948 0.9945 0.99997
benchmark body
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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

FRN BigBird final-run confusion matrix
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Figure 3.2. BigBird final-run confusion matrix for FRN.
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.

(a) ROC curve (b) Confusion matrix
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Figure 3.3. Complementary evaluation plots for the best-performing ISOT setting: (a) ROC curve; (b) confusion

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

posts/claims and longer news items.

3.3.3 Multilingual and Low-Resource Results

The Albanian experiment shows that multilingual contextual models are necessary for low-
resource fake-news detection. XLM-RoBERTa produced the strongest result, outperforming
both the classical TF-IDF baseline and mBERT, which supports the inclusion of multilingual
Transformer evaluation in the framework.

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

Albanian XLM-RoBERTa Confusion Matrix Albanian XLM-RoBERTa ROC Curve

350 1.0
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0.6 1
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—— XLM-RoBERTa (AUC = 0.9857)
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Figure 3.5. Albanian XLM-RoBERTa evaluation results: confusion matrix and ROC curve.
Figure 3.5 presents the confusion matrix and ROC curve of the best-performing XLM-
RoBERTa configuration.
3.3.4 Comparative Detection Analysis
Across datasets, no single model or input policy is optimal. BERT is effective for short posts,

RoBERTa for benchmark and healthcare claims, BigBird for longer articles and XLM-
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RoBERTa for Albanian text. The comparison supports using Transformer probability as a
controlled content-risk signal rather than as a universal final judgement.

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

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

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

posts

FRN Long political/general = BigBird- 0.9691 0.9692 0.9946

articles RoBERTa-base

ISOT Large English article = RoBERTa title- = 0.9948 0.9945 0.99997

benchmark body

CoAID social Short healthcare RoBERTa-base @ 0.9615 0.9701 0.9915

posts/claims claims/posts

CoAID longer news Longer healthcare BigBird- 0.8205 0.9081 0.9786

news items RoBERTa-base

Albanian Fake News Low-resource XLM- 0.9285 0.9287 0.9857

Corpus Albanian news RoBERTa-base

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
nNews

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.

3.4 Temporal Cascade Results

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.

Section 3.4 moves from item-level detection to temporal spread. A claim is transferred to
cascade analysis only when the fake-class probability exceeds the threshold and when
sufficient interaction evidence exists. This gate prevents content-only records from being

used as epidemic-model inputs.
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3.4.1 Detection gate and cascade selection

The detection gate selected two principal empirical cascades for modelling: the COVID-19
Twitter/X fake-news claim and the Hoaxy / OSoMeNet “Three million votes™” claim. The
Hoaxy-imported and synthetic Albanian cases are retained as auxiliary comparison or
validation examples, not as equal posterior-inference evidence.

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 temporal = Comparative trajectory only
Career?” Hoaxy-imported cascade

claim

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

claim temporal schema

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 observed trajectories show that cascade risk cannot be inferred from final size alone. The
COVID-19 case exhibits repeated bursts and reaches 95,599 cumulative active spreaders,
while the Hoaxy political claim reaches 149,079 cumulative active spreaders. These curves
become the empirical input for SIR/SEIZ fitting.

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 cascade
news claim

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

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

Synthetic Albanian fake-news 39 520 520 Pipeline validation only
claim
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(a) COVID-19 Twitter/X (b) Hoaxy / OSoMeNet
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Figure 3.6. Observed infected-user trajectories for selected fake-news cascades: (a) COVID-19 Twitter/X, (b)
Hoaxy / OSoMeNet, (c¢) “Should One Tweet End a Career?”, and (d) Albanian synthetic validation.

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.

3.4.3 Representative temporal-network structures

The representative temporal networks show how fake-news diffusion is shaped by direction,
time and network position. The figures are retained to demonstrate that the modelling unit is

not an isolated text record, but a time-ordered claim-level interaction structure.
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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

£
Copgd

® source/ relay hubs downstream spreaders high-activity relays

(b) Hoaxy / OSoMeNet "Three million votes" cascade

Temporal-network core graph for the Hoaxy / O fak claim

Claim-scoped post-election retweet/spread interactions

®
B~ Wn

%@@:&’

® source/ relay hubs spreaders relays

Figure 3.7. Core temporal-network examples for the two principal empirical cascades: (a) COVID-19 Twitter/X
and (b) Hoaxy / OSoMeNet.

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; I, (t) and I, (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 I,,(t) curves for epidemic-

model comparison.

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.
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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].
Section 3.5 evaluates whether epidemic-state models approximate the observed cascades. SIR
IS used as a transparent baseline, while SEIZ is expected to capture delay and skepticism
through additional latent states. The comparison is based on fitted spreading curves and
trajectory-level errors.

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

Dataset / empirical cascade Model Relative RMSE MAE Final observed
L2 / fitted I' oy

COVID-19 Twitter/X fake- SIR 0.1626 9,958.4 7,793.3 95,599 /73,510

news claim

COVID-19 Twitter/X fake- SEIZ 0.0463 2,838.9 2,092.6 95,599 / 84,921

news claim

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

million votes” fake-news claim 143,396

Hoaxy / OSoMeNet “Three SEIZ 0.0469 3,809.7 3,200.6 149,079/

million votes” fake-news claim 140,408

The fitting results show that SEIZ follows the empirical cascade trajectories more closely
than SIR, especially when growth is irregular or multi-burst. This supports the thesis
argument that exposed and skeptic/non-spreading states improve fake-news diffusion
modelling.

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.
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SIR versus SEIZ fitted cumulative fake-news spreading curves

COVID-19 Twitter/X fake-news cascade Hoaxy / OSoMeNet “Three million votes” cascade
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Figure 3.8. SIR versus SEIZ fitted cumulative fake-news spreading curves for the two empirical cascades.

3.5.2 SIR-SEIZ Comparative Analysis

The SIR-SEIZ comparison indicates that a simple susceptible-infected-recovered structure is
useful for interpretation but too restrictive for many fake-news cascades. SEIZ provides a
better balance between interpretability and behavioural realism because it includes exposure

delay, hesitation and stopping effects.

3.5.3 Compartment-Transition Interpretation
The compartment interpretation remains cautious: exposed and skeptic states are not directly
observed user beliefs. They are modelling proxies that help explain visible spreading,

suppressed activation and correction-related decline under incomplete platform observation.

(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.
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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 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.

3.6 ABC and ABC-SMC Inference Results

Section 3.6 reports uncertainty-aware inference. Instead of relying on one fitted parameter
vector, ABC and ABC-SMC estimate posterior parameter regions that can generate simulated
cascades close to the observed summaries. This is essential because exposure, skepticism and

correction are only partially observable.

3.6.1 Inference setup and posterior estimation

The posterior estimation results provide accepted parameter samples, credible intervals and
comparison between the principal empirical cascades. The Bayesian outputs show that
several parameter combinations may be plausible, which justifies reporting uncertainty rather
than deterministic diffusion coefficients.

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

Dataset Final size Peak day | Peak I,ew 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
1 5im (¢16)—Iops @)l
dcurve(e) — 51m( ) obs( ) 2 (31)
”Iobs(t)llz
dABC (9) = Wcurvedcurve(e) + Wsumdsummary(e)' Weurve = Wsum (32)
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Equations (3.1) and (3.2) define the Chapter 3 ABC distance: trajectory mismatch is
combined with summary-statistic mismatch, with higher weight given to the full curve.

Table 3.11. 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-SEIZ | 400 0.071 0.092 B=1.076; b=.129; p=.698; 1=.0915; y=271;
6=.399

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

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

3.6.2 Posterior predictive validation
Posterior predictive validation evaluates whether accepted parameter samples reproduce the
observed spreading curves. The retained figures show that ABC-calibrated SEIZ simulations

provide a more informative uncertainty envelope than a single deterministic curve.

(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.
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Comparison of Error Distributions for Different Models

= SIR Model
SEIZ Model
120 1 = ABC-SEIZ Model (Proposed framework)

: JX\ g

0.025 0.050 0.075 0.100 0.125 0.150 0.175 0.200
Relative fitting error

un

o

o
L

=5}
o
s

=}
o
L

Probability density estimate
B
o

Figure 3.11. Fitting-error distributions for SIR, SEIZ and ABC-SEIZ models.
Figure 3.11 compares fitting-error distributions across models. ABC-SEIZ vyields 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.

3.6.3 ABC-SMC convergence and forecast calibration

ABC-SMC improves calibration by progressively reducing tolerance and concentrating
particles in better-fitting regions. The convergence and forecast figures show that posterior
prediction is most useful as a short-horizon uncertainty tool rather than as a long-term
deterministic forecast.

Table 3.12. ABC-SMC convergence summary for the SEIZ fake-news diffusion model.

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

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.
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(a) COVID-19 Twitter/X cascade
ABC-SMC convergence: COVID-19 real Twitter/X 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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posterior predictive error of ABC-SEIZ and ABC-SMC-SEIZ across the two principal

empirical fake-news cascades.

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 r
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Out-of-sample short-horizon posterior predictive forecast of /y,(t)
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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.

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.

3.7 Intervention Scenario Analysis

The intervention scenarios compare debunking, visibility reduction and early combined
mitigation under calibrated SEIZ dynamics. The results support a timing-sensitive
interpretation: early combined intervention reduces future cumulative spread more effectively
than delayed correction-only action. These scenarios are model-based counterfactuals, not
causal platform-policy estimates.

Table 3.13. Concise counterfactual intervention scenario summary under the ABC-SEIZ posterior-median

baseline.
Dataset Strongest Strongest visibility | Additional gain Main
debunking / mitigation interpretation
scenario 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 cascade
news claim Ieum (t) = 64,695; Ieum (t) = 55,862; than the strongest benefits most when

Abstracts of Dissertations 2026 (10) 3-56



51 Kristel Vula

Hoaxy /
OSoMeNet "Three
million votes"

fake-news claim

peak Iq (t) = 343;

23.9% final-size

reduction.

Early debunking -
strong: final

Loy (8) = 135,071;
peak Ineyw (t) =
1,926; 6.1% final-

size reduction.

peak Ie. (t) = 327;

34.2% final-size

reduction.

Early combined
mitigation; final
Loy (t) = 119,984;
peak Inew (t) =
1,584; 16.6% final-

size reduction.

debunking scenario;

+10.3 percentage
points in final-size
reduction.

15,087 fewer final
active spreaders

than the strongest

debunking scenario;

+10.5 percentage
points in final-size

reduction.

corrective effects
are combined with
early visibility
reduction.

The political fake-
news cascade is less
responsive to
correction-only
changes and more
responsive to early

control of visibility

and relay exposure.

3.8 Integrated Discussion

The integrated discussion connects the empirical layers. Transformer models provide reliable
content-risk scores, temporal cascades show whether that content becomes socially active,
SEIZ improves the interpretation of spreading dynamics and ABC-SMC supplies posterior
uncertainty. The baseline diffusion-risk functional is useful because it makes the connection
among content probability, temporal amplification and expected posterior growth explicit.
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.

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.
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Proposed Framework Flowchart

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

Falee-news ol cor-tO-USe] i D, ste sertainty
l-a'kn mws_clam_]/ ) VUsc‘r to-user Baseline SIR ldramuutr uncertainty
article classification diffusion network estimation

Posterior predictive

Content-based datasets Lyen () and I, (1) Main SEIZ model calibration

Probability of fake-news Cascade structure and Observed spreading- Credible intervals and
detection activation dynamics curve fitting predictive trajectories

Integrated thesis logic: detection -> diffusion analysis -> epidemic modelling -> uncertainty-aware inference J

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.

A cum,c(t,1;0
Riase(€, 1) = Py (e[ + A (O)]Ey gme [emeri] (33)

N,

Equation (3.3) applies the baseline diffusion-risk functional to the Chapter 3 cases by
combining content probability, temporal amplification and expected posterior growth.

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.

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 = amplification 4 growth risk

fake-class probability hubs, relays, reach posterior forecast normalized score

r t
J.,I::;Il/ L(t+h|6) e“L;‘fﬁ{’ L(s) ds
N(‘

[ rfulfe = Pr(xc)(1 + AAc(2)) Eo

COVID-19 Twitter/X fake-news claim Hoaxy / OSoMeNet “Three million votes”

Detection p ¢ Detection p ¢ 0.963
Amplification A(t) Amplification A(t) 0.0273
Forecast growth D3g Forecast growth D3 0.1980

Baseline score R_30 Baseline score R_30 ~ 0.196
3

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 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
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forecast horizon. The figure clarifies that the score is not an additional unvalidated model; it

is a compact bridge between the empirical outputs already generated by the chapter.

3.9 Chapter Summary

Chapter 3 answers the research questions empirically. Transformer models perform strongly
but depend on text type and language; temporal cascades are necessary for diffusion analysis;
SEIZ improves over SIR for the principal cascades; ABC/ABC-SMC quantifies parameter
uncertainty; and intervention scenarios demonstrate how the calibrated framework can
support cautious risk analysis.

Table 3.14. Research-question evidence summary for Chapter 3.

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 3.10-3.14 | ABC/ABC-SMC uncertainty estimated

RQ5 Sections 3.7-3.8; Table 3.14 and Figures 3.15-3.16 Posterior prediction and intervention
logic shown

Chapter 4. Conclusion - a summary of the results obtained

Chapter 4 synthesizes the dissertation results. The thesis demonstrates that fake-news analysis
is stronger when textual detection, temporal diffusion, epidemic modelling and Bayesian
uncertainty are combined in one traceable framework. The framework does not claim to
measure private belief or real moderation effects; it provides a reproducible academic method

for linking content risk with cascade behaviour and posterior predictive uncertainty.

Conclusions of the Thesis

The conclusions are organized according to RQ1-RQ5 and synthesize the thesis evidence
without repeating the detailed results of Chapter 3.

RQL1. Transformer models form a strong binary fake-news detection layer. The experiments
show reliable fake-class performance across short COVID-19 posts, long articles, healthcare
misinformation and Albanian low-resource data, with the best architecture depending on text
length, language and domain.

RQ2. Social risk cannot be derived from fake-news probability alone. Directed timestamped
cascades, 1_new(t), I_cum(t), cascade size and time-to-peak connect textual credibility with

observable propagation.
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RQ3. SIR is useful as a transparent baseline, but SEIZ is more appropriate for fake-news
diffusion because exposed and skeptic/non-spreading states represent delay, hesitation and
correction. SEIZ therefore better explains irregular and multi-burst cascades.

RQ4. ABC and ABC-SMC provide necessary uncertainty-aware inference for partially
observed cascades. They estimate posterior regions for transmission, recovery, exposure and
skepticism parameters instead of relying on overconfident deterministic fits.

RQ5. The integrated Transformer-temporal-network-ABC framework supports cautious
intervention-oriented reasoning. The counterfactual results indicate that early combined
mitigation is more effective than delayed or correction-only action, while remaining
controlled simulations rather than causal policy estimates.

In synthesis, the baseline posterior fake-news diffusion-risk functional links Transformer
probability, temporal-network amplification and ABC-SMC-SEIZ forecast growth into one
auditable risk quantity. The main limitations are that model probabilities are not absolute
fact-checking judgements, observable sharing does not prove belief, SEIZ hidden states are

modelling proxies and broader validation requires more real cascades, especially in Albanian.

Future Work

Future work should validate the framework on larger and more diverse real-world cascades,
especially across languages, platforms and misinformation domains. Further extensions
include richer temporal-network data, graph-learning models, stronger causal evaluation of

interventions, neural posterior estimation and real Albanian temporal diffusion datasets.

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.

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
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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.
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CTpyKTypa HA AUcCepTALMATA

JucepranusaTa ce ChCTOM OT BbBEACHUE, YCTHPH TJIaBH, 3aKIIOUCHHE ¢ OBJICIIM HACOKH Ha
u3cieBaHe, OTICNICH pa3jell C NMPHUHOCH Ha JMCEPTAIUATa, CIHCHK C IET ITyOJUKAIIHH,
CBBP3aHM C JUCEpTalMsTa, JCKIapalus 3a OpPUTHHAIHOCT, OumoOmmorpadus cve 191
JUTEPATyPHU U3TOYHHUKA U TPUIIOKEHUS C JOMIBIHUTEITHH MaTepHaIU 32 Bb3IPOU3BOIUMOCT.
BbBenenneTo MOTHBHpaA AUCEpTAIMATA, KaTO OOSICHSBA 3a110 (pajamnMBUTe HOBUHU TpsOBa /1a
Ce aHaM3UpPaT KAKTO KAaTO TEKCTOBO ChAbPKAHHWE, Taka M KaTo IPOILEC Ha COIMAIHO
pasnpoctpanenue. To BbBeX/1a HEOOXOJUMOCTTA OT MOJIEN, KOWTO CBbP3Ba OTKPHUBAHETO HA
HUBO CHIBbPKAHUE C BPEMEBOTO PA3MPOCTPAHEHUE, HHTEPIPETALUATA B CIUJEMUYCH CTHI U
W3BOJNTE, ChOOPA3EHU C HEOIIPEICIICHOCTTA.

I'maBa 1 mpencTaBsi TEOPETUYHUTE OCHOBH Ha OTKPUBAHETO Ha (aJIMBH HOBHHH, €3UKOBOTO
MoJIeJIUpane, 0a3upaHo Ha TPAHCPOPMATOPH, TEMIIOPATHUTE MPEKH, CITHICMHUYHUTE MOJICITH
SIR/SEIZ w mnpubnusutennure OaiiecoBH U3YHCICHHA. B Heda ce wuaeHTHUIMpaAT
MIPONYCKUTE B U3CIIEIBAHUATA, KOUTO MOTHBHPAT HHTETPUpAHATA paMKa.

I'maBa 2 nedunrmupa npemnoxxkenara pamka Transformer-ABC-Epidemic. Ts npencrasst uzdoop
Ha HAOOp OT JaHHH, MpeABapUTENHa 00pabOTKa, XapMOHH3WPAHE Ha JTBOMYHU ETUKETH,
m3rpaxaane Ha TtemmnopanHa kackama, SIR/SEIZ monenupane, ABC/ABC-SMC wu3Bog,
MoCcJeIBalllo MPOTHO3MpaHe, CIEHApUW 32 WHTEPBEHIUS, €THKAa W TpaHWIM Ha
BB3IIPOU3BOIUMOCT.

I'maBa 3 mpencraBs eKCHEpUMEHTATIHHUTE pe3ylTaTd. B Hes ce oIlleHsBa OTKPUBAaHETO Ha
¢anmmBn HOBUHH, Oa3upaHo Ha TpaHchopmaropu (Transformers), B Habopu OT naHHH 3a
ChIbpKAHNE, PEKOHCTPYHPAT CE€ TEMITIOPATHH KaCKaJIH, CPAaBHABAT ce MU(Y3HOHHUTE MOJICIN
SIR u SEIZ, ce omeHsiBa anoctepuopHaTta HeompeaeneHocT, uznon3Baiiku ABC u ABC-
SMC, u ce TecTBaT KOHTpa(aKTyaJlHU CLIEHAPUHU 32 HHTEPBEHLUS.

I'maBa 4 o00600maBa MoOJNydyeHUTE pE3yNTaTH, OTPAHUYCHUATA W OBJCIIUTE H3CIECIBAHUS.
[IpuHOCHTE Ha mucepTanmuaTa W ITyOJMKAIMHTE, CBBP3aHH C Hes, ca TPEACTABEHH CIel

3aKJIFOYCHUATA.
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BbBenenue

ToBa BbBeIEHHE NPEACTABS QUCEPTAIMATA KATO MHTETPUPAHO U3CIEABAHE HA OTKPUBAHETO
Ha (allMBU HOBUHHU M Pa3MpOCTPAHEHUETO UM B COLMAIIHUTE Mpexku. PaboTara 3amouBa c
HaOJII0ACHNETO, Y€ (haJIIMBUTE HOBUHU Ca HE CAMO MPOOJIEM C TEKCTOBATa JOCTOBEPHOCT, HO
W JMHAMUYEeH COLHMaJeH Tmpouec, opopMeH OT BHUIUMOCT, MHOTOKPAaTHO U3Jarase,
B3aMMOJICHCTBHUE C TOTPeOUTENS U aMIUTUUKanus Ha aTdopmata. [lopaan Ta3u nmpuyunHa,
JUcepTanusaTa CBbp3Ba OMHAPHOTO OTKpHBaHe, 0a3upaHO Ha TpaHcPopMmaTrop, ¢ KackagHa
PEKOHCTPYKIMS HAa TemmnopaiHa mpexa, SIR/SEIZ mopenupane B emuaeMHUYeH CTHI U
OaiiecoB m3Box Oe3 BepostHOCcT upe3 ABC u ABC-SMC [2]-[4], [6]-[12], [19]-[25], [52]-
[55].

OcHoBHaTa METOJIOJIOTHYHA UJes € paMKa ,,ChIbpiKaHue-KbM-Kackana“. Tpanchopmaropen
MO/ICJI OLICHSIBA BEPOATHOCTTA JIAJICHO TBHPACHUE WJIU CTATUA Ja IPUHAIICKHU KbM Kilaca Ha
(danmuBUTe HOBHUHU; B3aMMOJCUCTBUATA C BPEMEBH OTMEYAThLIM IIOKAa3BaT Jald TOBa
ChJIbpKaHue cTaBa couuanHo akTtuBHO; Mmoaenute SIR u SEIZ onucBat HabmionaBaHaTa
Tpaektopus Ha pasnpoctpanenue; a ABC/ABC-SMC onensBa anoctepuopHaTa HECUTYPHOCT
B mapaMmerpuTe Ha Audy3usa. Ta3sw MHOrOIUIaCTOBa MHTEPIIPETAIlUsl MPEA0TBpaTsABa
TPETUPAHETO Ha TOYHOCTTA Ha KiacuUKaIusATa, pa3Mepa Ha KackajaTa U aroCTEPHUOPHUTE
MPOTHO3M KaTO €JIMH U ChIIl TUII JOKA3aTeJICTBA.

Jucepranusata € yMUIIIJICHO MPE/Ia3iuBa B MHTEpHperanusTa cu. [loBTopHOTO yOIMKyBaHe
ce TpeTupa Karo Hablo/laeMo ChOUTHE Ha pasMpoCTpaHEeHHe, a He KaTo JOKa3aTeNICTBO 3a
BSIpBaHE; MBJIYAHHETO WJIM JIMIICBAIIOTO B3aUMOJCHCTBHE HE CE€ HWHTEPIpETHpa Karo
OTXBBpJISIHE; a CIEHApUUTE 3a HWHTEPBEHLUHUS C€ TPETUpAT KaTo KOHTPOIMPAHU
KOHTpa(daKkTyaTHi CHUMYJAIlMU, a He KaTo MPUYUHHO-CJICICTBEHH M3MEpPBAaHHS Ha peajHaTa
nonutuka Ha Tuiargopmara. [lomydeHarta pamka € mpeqHa3HAYeHa 3a BB3MPOU3BOIUM
aKaJIeMUYeH aHAJIN3 U Pa3ChKIACHUS B MTOAKPENa Ha PEIICHUATA B YCIOBHS HA HECUTYPHOCT.
EmnupuynaTa 4acT omeHsiBa OTKPUBAaHETO Ha (alIIMBU HOBUHU B KPATKH U JIBJITH TEKCTOBE,
3/IpaBEOIa3BaHETO U HUCKOPECYPCHU aI0AHCKH CPENIU, PEKOHCTPYHUpa TJIABHUTE TEMITOPATHH
Kackanu, cpaBHsBa nuHamukarta Ha SIR m SEIZ, ouensBa obnacTute Ha TOCTEABAIIUTE
rapaMeTpH U U3CJIe/IBa KaK paHHOTO pa3BEHUYaBaHE WM HAMAIIIBAHETO HA BUIUMOCTTA MOXKE
Ja TOBIHUSE HAa OBJIEHMs pacTek Ha KackaguTe. [locnegHUSAT MPUHOC MpPENCTaBiIsIBa
OIUTHpYEMA paMKa, KOSITO CBbpP3Ba TEKCTOBAaTa JOCTOBEPHOCT, TEMIIOPAIHOTO YCHJIBAHE,

HHTCpHOpCTAlUATA HA CIIMACMUYIHOTO ChbCTOAHHNUC U IMMOCJICABAIIOTO IMTPCACKA3BAHC.
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I'masa 1. IlperJyien Ha JiMTepaTtypara u TeOpeTUYHH OCHOBH

['maBa 1 usrpakna KOHIENTyajlHaTa U METOJIOJIOTMYHA OCHOBa Ha JucepTanusita. B Hes ce
pasriexaar neuHuIMuTe 3a (PanmBi HOBUHH, KJIIACHYECKO U TpaHCHOpMaTOpHO-0a3upaHo
OTKpHBaHE, aHCAMOBJIHA M XHOPUIHU MOAXoau, nudy3us BHB BpeMeBa Mpeka, MOJICTH 3a
pasnpocTpaHeHNEe Ha €MUAEMUN U CIIyXOBE, KAKTO M MPUOIU3UTEIHN 0alleCOBH U3YUCIICHUS.
['maBata 3aBBpIIBa ¢ UIACHTHQHUIMPAHE HA MPOMYCKH B W3CICABAHHITA W HM3BEXKIaHE HA

oejiTa Ha aucepragusaTa, U3CJI€A0BaTCIICKUTE BBIIPOCHU U 3aa4Yu.

1.1 BbBeaenune

I'maBa 1 ycraHOBsIBa TeOpeTHYHATa OCHOBA Ha AMCEpTalUATa. TS MMOKa3Ba, ue W3CICABAHETO
Ha (aTmMBUTE HOBUHH CE € Pa3BUIIO B HAKOJIKO JOIBJIBAIIN CE HANIPABICHUS: KOHIICTITYaTHH
neGUHULINY, KJIaCHYeCKO MAIIMHHO OOy4YeHHE, KOHTEKCTyalHO TpaHc(hOpMaTOpHO
OTKpUBAaHE, TEMIIOPATHH MPEXH, ENUJAEMHUYHH U ciayxoBu wMojenn u ABC-6a3upano
U3BEX/1aHe Ha HeonpeaeneHocT. CienoBaTeaHo IaBata MoAroTBs pexoaa oT MpocTa 3a1ada
3a kiacuukanus Ha (aNIIMBH/pealHd HOBUHM KbM HHTETPHpaHa paMKa 3a OTKpUBaHE U

pasapocrtpanenue [1]-[4], [52]-[55].

1.2 lepunupane Ha ¢pajqIuBU HOBUHHU

1.2.1 ®anmuey HoBUHM: [{epMHNIMN U XapAKTEPUCTHKH

QanmuBUTE HOBUHU CE€ TPETUPAT B JUCEPTALUATA KAaTO HEBSAPHA, MOABEKIAIA, YaCTUYHO
HEBApHA WJIM MaHUMYJIaTUBHO (GopMysipaHa HH(pOpMalKs, pa3lpocTpaHsIBaHa B HOBUHApCKa
WM TBbpAeTenHa popma. ToBa pabOTHO oIpeiesieHUe € JOCTaThUYHO HIMPOKO, 3a J1a BKIIOYBA
CTaTUM, MyONMKAIMU B COLUAIHUTE MEAMM, Ne3uH(pOpMalus 3a 31paBeTO U MOJUTHYECKU
HapaTUBU, KaTO CBLICBPEMEHHO 3ala3Ba PAasTPaHUYECHHUETO MEXKIY E€TUKCTUPAHU IJaHHU U
IpoBepeHa HCTHHA. 3a MOJEJIMpaHE C€ H3MOI3BAaT JBOMYHU ETUKETH, HO TMOJYYEHHST
pe3yaTar ce HUHTEPIpPEeTHpa KaTro BEPOSATHOCTEH CHUIHAl 3a JOCTOBEPHOCT, a HE Karo

a0OcoJrOTHA MpelieHKa 3a poBepka Ha dakrure [2]-[4], [30].

1.2.2 CBbp3aHu NOHATHS

Cebp3anure moHATHs B Tabmmuma 1.1 mnoscHsBar 3amo HeBApHaTa HHGOpPMAIMS,
nesuHdopmanuara, MalnHopmanusTa, ClIyXxoBeTe, carupara, KINKOEUTHT, CbMHUTEIHUTE
HOBHMHHU U MH(OJIEMHTa HE MOoraT J1a 0bJ1aT 00001IeHN 6e3 METOA0IOTUYHA MPEANa3IHBOCT.
Tabnmuuata e 3amaseHa, 3am0TO TS ONpeleNs pPEYHUKA, M3IO0I3BaH IO-KbCHO 32
XapMOHU3MpaHE Ha €TUKETUTE, MHTEpPIpEeTalys Ha HAOOpUTE OT JAaHHHU U Pa3TPaHUYCHUETO

MEKy OTKpHMBAHE Ha HMBO ChIAbpiKaHUE M Mojenupane Ha HuBo qudysus [2], [3], [30], [41].

Asmopegpepamu na oucepmavuu 2026 (10) 57-122



Basupano ma TparncdopmaTopy OTKpHUBaHE U aHAJN3 HA IMUIEeMUIHUSI MOe/] Ha fuHAMUKaTa ... 60

Tabmuna 1.1. OcHOBHM HOHSTHS, CBBP3aHU ¢ (aIIINBUTE HOBUHH, M TIXHOTO 3HAYCHHE 32 Pa3KPUBAHETO MIM.

Konuenmus

Hessipaa

HH(popManus

Hde3nndopmanus

Maunndopmanus

CayxoBe

IIponaranga

Carupa / napoaus

Kankoenr

CbLMHHUTEIHH

HOBUHMU

HNudoaemus

3HauyeHne

HepsipHa unu HeTOuHA
nHpopManus, KOsITo MOXe aa Obie
crioziesieHa 6e3 yMUIILIEHO
HaMepeHwne 3a 3a01yaa.

Hepsipna nwiu noasexaama
uH(pOpMaNus, Ch3aAeHa HIN
pasnpocTpaHeHa YMHUIIUICHO C e
3a0myna.

BspHa unu yacTuyHO BpHA
nHpopManusi, U3MoI3BaHa B
IIoaABEXAalll KOHTEKCT HUJIU C
BPEIOHOCHO HaMEpEeHHe.
Henpogepena nnpopmalys, KosaTo

HUPKYyJHUpa, npean HEHHUAT

HUCTUHCH CTAaTyT Aa 6”[»,[[6 NOTBBPACH

WJIN OTXBBPIICH.
Crparerniecku cTpyKTypHpaHa

KOMYHHMKAIWS, IPeJHAa3HauYeHa 1
MOBIIMsiE HA YOXKICHNUS, HAarJlacH

WU MTOBCICHUC.

ChabpxaHHe, KOETO YMUIIJICHO
UMHTHPA HOBUHAPCKU CTHI C IIETT
XyMOD, KpUTHKA HIH
TIpeyBeINYCHHE.

CeH3anMOHHM WITH TOBEKIAIIN
3aryaBusl, MPEeAHA3HAYCHH J1a
NIPUBJIEKAT BHUMaHHUETO H 12
YBEIHYAT aHT AKUPAHOCTTA.
ChIbpikaHue, YUATO HCTHHHOCT €
HECHT'ypHa, CMECeHa, C1abo
MTOJIKPETIeHa UITH HEAOCTATHYHO
MIPOBEPEHA.

MamabHa cMecHIa OT TO4Ha,

HCTOYHA M IIOJABCXKAalia

nHpopmanusi, 0coOEHO 0 BpeMe Ha

KpU3H.

3HayeHHe 32 OTKPUBAHETO HA (paTIIUBH
HOBHHH

BaxxHo, koraro HaMepeHUEeTO Ha U3TOYHUKA €
HEU3BECTHO, HEJOCTHITHO MIIM HE MOXKE Ja Ce
HaOJIF0/1aBa IUPEKTHO B HA0OpA OT JaHHU
[41].

Haii-6:m3K0 10 TACHOTO ompeneneHue 3a
(haIIMBY HOBUHU M CHITHO PEJICBAHTHO KBM

yMUlllJIeHaTa Manumynanus [2], [3].

W3nckBa KOHTEKCTyaJleH aHalu3, Thil KaTo
IPoOJIEMBT MOXKE /1a Ce KpHe B paMKHPAHETO,

BPEMETO WIJIM CEJIEKTUBHOTO paskpuBane [41].

Ot 3HaueHue 3a BpeMeBara IpoBepKa,
pa3BUBAILUTE CE CTHUKETH H
Pa3mpOCTPaHEHUETO MIPEIU TOTBBPIKICHUETO
[111], [53].

Moxe fa ce IPUIOKPHBA ¢ (haJIMBA HOBUHH,
KOTaTO CE M3IOJI3BAT CEICKTUBHH (DaKTH,
€MOIMOHAIHO PAMKHPaHe HIIH
n3(hadprKyBaHU TBBPACHHS, 32 Jla CE MOBIUsE
Ha ayJUTOPHSTA.

Mosxe fa 0b/ie orpenHo KiacuuiuupaHo
KaTo (hanInBa HOBHHA, OCBEH aKO HE ce
B3€MarT MPEIBU]I )KaHPHT, HAMEPCHUETO U
KOHTEKCTHT Ha myOimkyBane [111].

Moxe J1a € HeBSIpHO, YaCTHIHO BSPHO HIIH
MPOCTO MAaHUITYJaTUBHO; ITOJIE3HO 3a
OTKpHMBaHE Ha Ae3MH(OpMAIHs, TOPOJICHA OT
AHTaKUPAHOCT.

Baxno 3a kmacuduxamnmsi, cro0paseHa ¢
HECHT'YPHOCTTA M ChC 3a0aBEHO B3eMaHe Ha
pelIeHus], a He 3a IPHUHYIUTEIHO ONHAPHO
eTHKETHpaHe.

CuItHO pesieBaHTHO 3a W3CJICABAHUATA HA
JIe3NH(POpPMANHUATa B OOIIECTBEHOTO

3ApaBCOIIa3BaHeC U q)aJ'IIIII/IBI/ITC HOBHWHHU 3a
COVID-19 [30].
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1.2.3 Ilpeau3BuKaTeJCTBA NPHU Ae(PMHUPAHETO HA (paJIINBH HOBUHH

OCHOBHOTO MpPEANU3BUKATEICTBO Mpel NehUHULIUUTE €, Y€ UCTUHHOCTTa MOXKE Ja 3aBUCH OT
KOHTEKCTa, BPEMETO, M3TOUHUIIUTE M TMO-KbCHaTa IpoBepka. HesicHoTata B aHOTanuure,
capKa3MbT, caTupaTa, JIMIICBAIIMAT KOHTEKCT M YaCTUYHATa MCTUHA MOTaT Ja HPUYMHSAT
pasHoTIacusl MEXIy IpoBepsBammrTe (HakTH WM aHOTHpANIUTe HAO0OpW OT naHHU. ToBa
orpaBjaBa u30opa Ha JUCEpTALUATA J]a CE 3aMa3siT OPUTHMHATHUTE €TUKETH KaTO METaJlaHHHU,
Ja ce M3KIIoYaT JBYCMHUCIIEHH 3allMCH, KOraro € HeoO0XOAWMO, M Jla C€ HHTEPIpEeTHpar
pe3ynTaTuTe OT MOJIeNIa KaTo OLIEHKH 3a JOCTOBEPHOCT, ChoOpa3eHu ¢ HeonpeaeneHocTra [3],

[4], [30], [111].

1.3 Kitacuyecks 1moaxoau 3a MAIIMHHO 00y4YeHHUe 32 OTKPUBaHe Ha

$anmuBu HOBUHU

1.3.1 MeToau 3a npeacTaBsiHe HA TEKCT

Knacuueckoro pasmosHaBaHe Ha (aslMBH HOBHHHU IMPEACTaBs TekcTa upe3 Bag-of-Words,
TF-IDF, n-rpamu Ha AyMH WIM CHMBOJIM M CTUJIOMETPHUYHU XapaKTEPUCTHKHU. Te3u
OpeACTaBsiHAS ca eQUKAaCHM W HHTEPIPETUPYEMH, HO Ca OrPAaHUYCHH, KOTaTo
ne3uH(pOopMaIuITa 3aBUCH OT KOHTEKCT, Neprudpasza, MPOHUS WIN JBITOCPOYHN CEMAaHTUYHU
otHorreHus. Te ocraBaT BaKHH B TUCEPTAIMsTa, 3aII0TO MPEAOCTABAT MPO3pavyHu 0a30BU
JIMHHUHM 32 OLIEHKa Ha pa3lo3HaBaHeTo, 0azupaHo Ha TpaHchopmatop (Transformer) [3], [45],
[46].

1.3.2 Knacuvecku Moje/y 3a KIacu(pPUKAIUA

Tabnuma 1.2 06001aBa OCHOBHUTE KJIACHYECKH KIAacU(UKATOPU, M3MOI3BaHU KaTo Oa3oBa
nuteparypa: Jloructuuna perpecusi, Hauen baiiecoB merton, SVM, Crnyuaiina ropa u
MeTo U 3a OyctupaHne. TsXHaTa IEHHOCT € B MHTEPIPETUPYEMOCTTA U BH3MPOU3BOIUMOCTTA,
JIOKaTO OTPAaHUYECHUETO UM € C1ab0TO KOHTEKCTyaaHO pa30UpaHe W YyBCTBHTEITHOCTTA KBM
poMsiHa Ha JlomeliHa [42]-[46].

Tabmnna 1.2. Kimacugecku moaxou 3a MalInHHO 00yYeHKE 3a OTKpHUBaHe Ha (alllInBA HOBUHH.

Moaxox Tunuanu IIpeacraButeana CujHM cTpanm Orpanuyenus
XapaKTepUCTUKHU JuTepaTrypa
JlorucTuyna TF-IDF, n-rpamu, [y u ap. [3]; IIpocro, Orpannyena
perpecust METalaHHU Arapsai u 1p. [45]; = MHTEpHIpETHPYEeMO M = CIIOCOOHOCT 32
Joxanr u nip. [46] CHJIHO KaTo MOJIEITUPAHE HA
JMUHeWHa 0a3oBa HEJIUHEWHU
JINHUSL. CEMaHTHYHU
OTHOIICHHSI.
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HauBHusT

Baiiec

MamuHa 3a

ONIOPHHU BEKTOPH

Cayuaiina ropa

I'paanentHO
ycuJjBaHe /
XGBoost

Bbpoiut nymu,
JIBOUYHU TCPMHUHH,
TF-IDF

TF-IDF, n-rpamu ot

AYMHA U CUMBOJINA

CrunomMeTpuyHH,
JICKCHUKAJIHHU,
YETUMOCTHHU U
MeTaJaHHH

XapaKTCPpUCTHUKHU

Jlexcukamau,
CTUITUCTUYHH,
METaJaHHH U
CTPYKTYpHHU
XapaKTEPUCTUKU

Iy u ip. [3];
Arapsan u zp. [45];
Joxanr u nip. [46]

Noaknm [42];
Agarwal u ap. [45];
Jxan u 1p. [46]

Bpeiiman [43];
Arapsan u np. [45];
Jlxanr u np. [46]

UYen u ['ectpun
[44]; Hoxanr u ap.
[46]

bop3, mamabupyem
1 eheKTHBEH 3a
MAaJIKU TEKCTOBH
Ha0OpH OT TaHHH.
EdexrnBen BsB
BHCOKOPa3MEpHH
paspeneHu

NPOCTPAHCTBA.

VYceroiiuuBy Ha IymMm
UH)KEHEpHHU
XapaKTepUCTUKU U
TIOJIE3HU 33 BAKHU

¢GhyHKIHN.

Cunna
MpecKa3BaIa
MIPOU3BOTUTECITHOCT
C TIPOEKTUPAHU

GbyHKIHH.

PasuuTa Ha cuTHO
TPEOJIOKEHHE 32
YCIIOBHA
HE3aBHUCHMOCT.
N3ucksa
BHHMATEJICH U300p
HA SIPO U
mmapaMeTpH 3a
rojeMu HabopH OT
JTAaHHU.

Ilo-manko
MOJIXOAIIO 32
MHOT'O OCKBJICH
TeKcT 0e3
HaMallsiBaHe Ha
(hYHKIIMOHATTHOCTTA.
M3ucksa
HacTpOMBaHE U
MOJXKe J1a
IpEHaracHe ¢
IIYMHHU HUJIN
npenyoeneHu

CTHUKCTH.

1.3.3 IIpeauMcTBa M OTPAHNYCHHUS

Krnacuueckure Moenu oCTaBar MOJIE3HH, 3aI0TO pa3sKpUBaT AAIM JaJleH Ha0Op OT JaHHU €
pa3fenuM upe3 IMOBBPXHOCTHU JIEKCHKAIHM WJIM CTUIMCTUYHM CUTHAJIM 32 W3TOYHMKA.
TexkcToBere ¢ QajmMBU HOBMHM 00aye 4YECTO BKJIIOYBAT HMIUIMIMTHO IPOTUBOpPEUHE,
BHUMATEIHO paMKUpaHE M TMPEeXBBbPJISIHE Ha TeMa, KOUTO W3HUCKBAT KOHTEKCTYalHU
npejacTaBsHusg. ToBa OrpaHMdYeHHE MOTHBUpPA TpaHC(HOPMATOPHHS CIIOM Ha Npeasio’keHaTa

paMKa, KaTO CbIICBPCMCHHO 3alla3Ba KIIACHYCCKUTE MCTOANU KATO TOYKHU 3a CPABHCHUC.

1.4 TpancdopmaTopHu MOJeJIN 32 OTKPUBAaHe HA (pallIMBH HOBHHU

1.4.1 ApxurekTypa Ha TpaHchopMaTopa U MeXaHM3bM 32 BHUMAaHHe

TpanchopmaTopHUTE MOJIETH H3IOI3BAT CAMOBHUMAHUE, 32 Ja MPEACTABSIT BPB3KUTE MEKIY
TOKCHH, OOEKTH, Yucia W TBBPACHHUS B PAMKUTE HAa €IHA IOCIEAOBAaTETHOCT. To3m
MEXaHH3bM € KIIOUOB 3a OTKPUBAHETO HA (DajIIMBH HOBUHU, ThH KAaTO MOJBEXKIANIOTO

ChbAbpPKAHUE YCCTO 3aBHCH OT KOHTCKCTYAJIHH BpPB3KH, a4 HE OT H30JIMpaHU OYyMH.
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[IperneganusaT NpUHIMI HA BHUMaHHUE 00siCHsABA 3amo moaenute B ctuil BERT morar na ce

MOJI00PAT CHPSAMO OCKBIHHUTE JICKCUKATHU 0a30BH uHuH [6]-[8].

1.4.2 BERT u RoBERTa-0a3upano orkpuBane

BERT u RoBERTa ca pasrienanu Karo OCHOBHM KOHTEKCTyaJlHU apXUTEKTypu 3a
kiacuukamuss Ha gBonyHW dammmBud  HoBuHHM. BERT ocurypsBa aBymocodHo
KOHTEKCTyanmHo konaupaHe, nokato RoBERTa momoOpsiBa m36opa Ha oOydeHUE U YECTO
yBeJIMYaBa YCTOMYMBOCTTA. B paMkuTe Ha JucepTauusara, TsIXHATa POJsl € Ja OLECHAT
BEPOATHOCTTa 3a (ammMBH HOBHHH, KOSATO TIO-KbCHO MOXE Ja ObJe CBBbp3aHa C

JI0Ka3aTesicTBa 3a BpemeBa Kackaza [6], [8].

1.4.3 MHoroe3n4yHu MojeJid Ha TpaHchopMaTopu

Mmuoroe3nunute BERT u XLM-RoBERTa ca ot 3HadeHue, 3al10TO H3CICJABaHUATA Ha
nesuH(popManuaTa He TpsOBa Ja ce OrpaHWYaBaT caMoO 10 aHTJIMACKH HA0OpW OT JaHHHU.
TexHute crnoaeneHu NpeACTaBIHMS Ha MOJAYMU IO3BOJSABAT /1a CE OLICHH OTKPUBAHETO Ha
(danmyBH HOBUHU Ha aJIOAHCKU C HWCKU PECYpCH, KaTo CHIIEBPEMEHHO CE 3amas3Ba ChIaTa

JABOMYHA JIOT'MKA 34 OTKPHBAHC, M3I10JI3BaHA 3a AHTTUUCKU U 3ApPpaBHU Ha60pI/I OT JaHHHU [9],
[11].

1.4.4 Moaeau ¢ AbJITH MOCJIeI0BATETHOCTH

OTtkpuBaHeTO Ha (aNIIMBA HOBUHU B JBJITH JOKYMEHTH M3UCKBA MOJIENIN, KOUTO HaMalsBaT
3arybara Ha MH(pOpManus, TPUYMHEHA OT ChKpamiaBane. BigBird e pasrmenman, 3amoto
OCKBJIHOTO BHHMaHHE TMO3BOJIABA MO-€()eKTUBHA 00pabOTKa HA JIOKA3aTENICTBA OT MO-IBJITH
CTaTHHU, KOCTO IO IIpaBU IMOAXOJAII, KOTraTO MNOABCKIAIIHN CUTHAJIMW CC€ IOABABAT CJIC/

II'bpBaTa 4yacT Ha cratudara [12].

1.4.5 Ha nuBo n3pevenusi, LLM 1 HOBOBB3HMKBAII HACOKH

SBERT u MozenuTe Ha TOJEMH €3MIM CE TPETHPAT KATO PEJIEBAHTHH, HO CIOMAaraTelIHU
HacOKH. BrpaknaneTro Ha M3pedeHHs MOIAbpPKa CPAaBHEHHETO Ha TBBPAEHM, AokaTto LLM
MoraT Jia MOMOTHAT 3a OOSCHEHHE WJIM KOHTPOJMPAHO JOMbJIBaHE. | eHepupaHUTE W3XOIH
o0aye He ce TpeTupaT KaToO €TUKETH WIM OCHOBHA MCTHHA, ThH KaTo XaJlIOLIMHAIMUTE,

NPUCTPACTUATa M CBPBXYBEPEHOCTTa OCTaBaT MeTOAoJOrn4yHu puckose [10], [47]-[49],

[181]-[183].
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Tabmuna 1.3. OcHoBHM Mozeny, 6a3upaHu Ha TpaHc(OpMaTOpH, CBEP3aHHU C OTKPUBAHETO Ha (halIuBH

HOBHHU.
Mopea OcHoBHa naest 3HaveHUe 32 OTKPUBAHETO HAa (pATIIHBH
HOBHHH
BERT JIBymocodeH TpaHchopMaTOpEeH SHKOEP, CunitHa 0CHOBA 32 KITacH(UKAI Ha
MPEIBAPUTEITHO OOYUICH C MOACTHPAHE Ha KOHTEKCTYaJTHH (haITBH HOBHHU [6].
MacKHUpaH e3UK.
RoBERTa Ontumusupano BERT o6ydenue ¢ noseue YecTo nonobpsiBa ycToiiunBOCTTa U
JIaHHH, TUHAMUYHO MacKupaHe u 0e3 KJIaCU(HUKAMOHHNTE XapaKTePUCTUKH [8].
IpEeJBIDKIAHE Ha CIEBAIOTO U3pEUEHUE.
MBERT MsuoroesnueH BERT, o0yden Ha 104 e3uka. | [lone3Ho 3a oTKpuBaHE HA (aIIIHBH
HOBUHHM Ha Pa3IMYHN €3I WIN HA MHOTO
e3uk [9].
BigBird TpanchopmaTop ¢ pa3peieHO BHUMaHHE, [Tone3Ho 3a oTKpHBaHEe HA (HATIITUBU
KOWTO KOMOMHHpA JOKaJIHO/TIPO30PETHO, HOBUHHM Ha ITBJIHU CTaTUH, 3aII0TO
CIIly4aHO ¥ T7I00aJHO BHUMaHHE, 3a 1a HaMaJsiBa 3arybara Ha HHpOpMAaIws,
MOJIE/IUPA ABJITH MOCIEI0BATETHOCTH C HNpUYHUHEHA OT OTPSI3BAaHETO HA ABITH
JIMHE}HA CJI0KHOCT Ha BHUMAHUETO. cTatuu 1o mepBuTe 512 TokeHa [12].
SBERT Brpaxxganus Ha HUBO u3peueHus, 6asupann  [lone3Ho 3a CEMaHTHYHO CXOJCTBO,
Ha cuamcku/TpuruieTin BERT mpexn. CpaBHEHHE Ha TBHPICHUS U KIacUpUKaIms
Ha HUBO m3pedenus [10].
XLM- Mexnyesnunata RoOBERTa e obyuena [Tone3Ho 3a MHOrOE3M4YHO OTKPUBAHE U
RoBERTa BBPXY I'0JIEMU MHOT'OE€3UYHU JAHHU OT TpaHchep Mexay esunn [11].
CommonCrawl.
Tonemu Mognenu Ha reHepaTUBHM TpaHchopmaTopr,  [logmbprka 1ombIBaHE M OTKPUBAHE HA
€3UKOBH M3I0JI3BaHU 32 JIONIbJIBAHE, 00SICHEHUE U HYJIEB U3CTPEN; U3UCKBA TOBUIICHO
MO eIH 3a/1a4y C HyJIeB pe3yiTar. BHUMAaHHUE TTOPaIH XaJTIOIUHALUN U

HPUCTPACTHS.

1.4.6 Orpannvenus Ha TPaHCPOPMATOPHO-0a3NPAHOTO OTKPHBAaHE

TpanchopmaropHuTe AETEKTOPH MoOTraT Ja OBJaT W3YHUCIUTEIHO CKBIIH,

IIO-MaJIKO

MPO3payHu OT KJIACHUYECKUTEe 0a30BM JMHUU M YSI3BUMH KbM ChCTE3aTelleH mapadpas Wiu
M3MecTBaHe Ha joMmeitHa. CrieZJoBaTeTHO TEXHUTE BEPOSATHOCTU TpsiOBa a ObJaT BaTuANPaHU
U MHTEPHPETHPAHH KaTO OLIEHKU 3a PUCK OT ChIbp)KaHHE, OCOOCHO KOTaTo IMO-KbCHO Ce

M3TO0JI3BAT KaTO BXOHU JaHHU 3a KaCKaJHO U enuaeMuyHo moaenupane [50], [S1].

1.5 Arcam0,10BM 1 XUOPHUAHM MOJXO0M 32 OTKPUBaHe HA (p)aIIIMBH HOBMHH

Pasrnexxnat ce aHcamMOBJ M XMOpPHIHM AETEKTOPH, 3all0oTO T€ MoraT Ja KOMOMHUpAT
JICKCUKAJIHM, HEBPOHHHU, METaJlaHHU WU TpadoBo-6azupanu curHamu. Jlucepranmsara He
HMMIUJIEMEHTHpa aHCaMOBJI 3a TJIaCyBaHE WU MOAPEkAaHEe KaTO OCHOBEH JETEKTOp, Thil KaTo

HUBXOMAIMMUAT AU(y3UOHEH CJIOH UW3MCKBAa sICHA U OAMTUpaeMa TpaHchopMaTopHa
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BEpOsATHOCT. Pamkara e xuOpujHa Ha AHAIUTUYHO HUBO: OTKPUBAHETO Ha ChIbPIKaHUE,
TeMIOpAJIHUTE Mpexu, nuHaMmukara Ha SEIZ u ABC HeomnpeneneHocTTa ca CBbp3aHu KaTo

OTACIHU CIO0CBC C 1OKa3aTcJICTBA.

1.6 BpemeHHO-Mpe:k0BHM MOAX01M KbM Pa3NpOCTPaAHEHUETO HA (paIIuBH HOBUHU

BpemeHHuTE MpEXH OCHTYpsSBAaT MOCT MEXIY OTKPHBAaHETO Ha (pammuBH HOBUHH U
MOJICJIMPAHETO HA COLMAJIHMS PUCK. 3a pasziavka OT CTaTMYHHUTE rpaduku, Te 3ama3Bar
XPOHOJIOTUYHUSI PEI Ha PETYUTOBETE, OTTOBOPUTE, IOBTOPHUTE NyOIMKAUU WU
CHOACISHUATA, MO3BOJSABAMKM caMO IBTUINA, CbOOpa3sBalll CE€ C BPEMETO. 3ama3eHuTe
KaCKaJHU BEJIWYWHHU, BKIIOYUTEIIHO HOBM AaKTUBHM Pa3NPOCTPAHUTENH, KyMYJAaTUBHH
pasnpoCTpaHUTENN, BpeMe J0 NHK U MEeXIychOUTHIHO 3abaBsiHe, ce IpeBpbILAT B

eMIUPUYHU 0000mIeHHS, U3MoBBaHu MO-KbeHO 3a SIR/SEIZ ¢uruar u ABC usBox [52]-

[55].
&O—® §D~®~®
: 4 ®—’® =

t1 t2 t3 t4 t5

S: Susceptible ‘ ‘ E: Exposed I: Spreading [ | 2: skepticat | R: Recovered/Removed

@urypa 1.1. Bpemenna kackazia oT (haJInBU HOBUHHM C MTOJPEAECHH BBB BPEMETO MOTPEONUTENCKH ChCTOSHHS.

1.7 Moaean Ha pa3npocTPaHeHHe HA enuAeMiH U (PAJIIUBUA HOBUHU

MOI[GJ'II/ITC Ha CMMACMUA WU CIYXOBC NpeAjiaraT MHTCPIPECTUPYEM €3UK 3a MOJIACIIMPAHC Ha
pasnpocTpaHeHHeTo Ha (GaalIMBA HOBUHU YpE3 CBHCTOSIHUS KaToO MOJATJIMB, H3JI0XKEH,
AKTUBHO Pa3npoCTpaHABaIll CC, Bb3CTAHOBCH U CKCIITUYCH. Ta6Jmua 14 ¢ 3ara3cHa, 3a1o0To
CBIIOCTaBs OMOJIOTHYHATA TEPMHUHOJIOTUSA C Ha6J'IIOI[a€MI/I II0Kas3aTcJiu B CONUAJTHUTE MCINU,
KaTO CBHIICBPCMCHHO IIoAYEpTaBa, Y€ OHJIaMH CIIoaAcIAHETO € CaMoO HpI/IGHI/I)KCHI/Ie Ha
3apasara [31]-[36].
Tabmuna 1.4. CpnocTaBsiHe MEXAY €NUIeMUYHATa TEPMUHOJIOTHS U Pa3NPOCTPAHEHUETO Ha (ajlIMBH HOBHHU.
Konnenuus 3a enugemuss | ThiakyBane Ha Gonectta | ThikyBaHe Ha Ha6nonaem
daamBy HOBUHHI 3aMecTHTe] B
COLIMAJIHUTE TaHHH
YyBcTBUTEIEH NHIMBH/ Jlune, koeto Moxke na 6bae | [loTpeduren, KOWTO Bce Bps3ka c
3apa3eHo OIlE HE € aHTAXKHUPAJI C NOCIIeI0BATENNTE,
TBBPJACHUETO, HO MOXKE YJIEHCTBO B
Ja e OM1 pasKkpuT 0OIIHOCTTa, BUAUMOCT

B XpOHOJIOTHATA

Asmopegpepamu na oucepmavuu 2026 (10) 57-122



Basupano ma TparncdopmaTopy OTKpHUBaHE U aHAJN3 HA IMUIEeMUIHUSI MOe/] HA JTUHAMUKATA ... 66

WN310keH uHAMBU/

3apa3eH HHAUBH]

Br3cranosen/IIpemaxnar

HHIMBHY

CkenTuk

Jlunieto e 3apa3C€HO, HO BCEC

OLIC HE € 3apa3HoO

JInie, K0eTo B MOMEHTA €
mpegaBares Ha
3a00JISIBAHETO

JIuuero Beye He € 3apa3HO

He e cranpaptho B SIR;
M3II0JI3Ba CE€ B MOJEIN Ha

CIIyXOBC

[TotpeduTen, KOHTO €
BUJISUT TBBPJICHHE, HO
BCE OILIe HE IO €

CIIOACIINIT

[ToTpeOuTensaT akTHBHO
pasmnpocTpaHsiBa
TBBPACHHETO
[Motpebutenst cnimpa na
pasmpocTtpassiBa, ryou
HHTEpec uin 6uBa
KOpUTHpaH
[MToTpeduten, 3amo3Hart ¢
TBBP/CHUETO, HO HE TO
pa3npocTpaHsiBa WU IO

OTXBBPJIST/OTIPOBEPraBa

1.7.1 Kinacuvyecku Moj1e/iM HA eNUAeMHs U CIyX0OBe

[pernen/umnpecus,
KOTaTo € HaJIN4Ha;
3a0aBeH OTTOBOP;
3abaBsiHE TIpeau
TIOBTOPHO
myOnuKyBaHe
Perywnt, myOnukyBait
OTHOBO, LIUTUPAH,
KOMEHTHUPAH, CIIOJENSIi
Hsma no-HaTatsuiHo
CIOJICTITHE CIIe]
KOPEKIUS UIIH CIIe]
KacKaJeH pasmaj
OnpoBeprasaii
OTrOBOD, KOPEKIIHS,
HEaHTa)XHUPAHE CIIe

pasKpuBaHe

Knacuueckure monenu SI, SIS, SIR u SEIR mnpemoctaBsaT peuHuMka 3a MOpexo] Ha

ChCTOSIHMSATA, JIOKaTO MojenuTe Ha ciayxoBere Ha J[einmn-Kenapn u Maku-TomncsH

BBBCKIAAT IMMOBCACHHUEC HAa HACHUIIAHE, OTXBBPJAHEC U CIIUPAHC. Ta3u JIMTeparypa olnpaBJaBa

n3non3BaHeTo Ha SIR kato mpo3pauyna Oa3zoBa ymHusg u SEIZ kxato mo-6orar Mozen 3a

kackaau ot dammmsu HoBuHM [31], [32], [67], [71]-[75].

Tabmuua 1.5. Knacuuecku enuaeMUuHE MOJICIIH U TSIXHATA MHTEPIIPETAIMs 32 Pa3pocTpaHeHne Ha (amBu

Mopen

SI

SIS

HOBHUHH.

OCHOBHH [pencraBuresna

CHCTOSTHHS JuTeparypa

S->1 ITactop-Catoppac u
Becrmasam [71];
ITactop-Catoppac u
ap. [72]

S->1->S [Mactop-CaTtoppac u

ap. [72]

TbakyBaHe HA
¢asmuBu HOBUHHU
[otpeburenure
MIPEeMUHABAT OT
MTOTEHIHAITHO
H3JaraHe KbM
AKTHBHO

pasnpocTpaHeHHe.

[orpeburenure
Morar Jia crpat 1a
pasnpocTpaHsBaT
BUpYCa 1 HO-KbCHO
Jla CTaHaT OTHOBO

IoJaTJIUBU CIICH

OcHoBHa cua U
orpaHHYeHHe
[one3Ho 3a paHHa
HEKOHTpOJIMpaHa
nudy3ns, HO HIMa
CBbCTOSIHHEC HaA
KOPEKLHs,
3a0paBsiHEe WIN
BB3CTaHOBSIBAHE.
[Tonesno 3a
MOBTAPSALIO ce
CIOJICIISTHE, HO HE
MpeICTaBIIsIBA

TpaiHa KOPEKIHsL.

Asmopegpepamu na oucepmavuu 2026 (10) 57-122



67 Kpucren Byna

SIR

SEIR

S>1->R

S>E->I|

>R

Kepmak u
Maxkenapuk [31];
Joxun u ap. [33];
Mypasma u mp. [39]

[Tactop-Catoppac u
np. [72]; Yenromna
[74]; Yaur (Wang) u
ap. [75]

MHOT'OKPaTHO
n3JIaraHe.
[otpeburenure
CHOAETNAT (haamuBu
HOBVHH U [I0-KBCHO
cimpar, 3a0passiT,
OWBaT KOPUTHPAHU
WY IPEeMaXBaHU OT

AKTUBHAaTa KaCcKazaa.

[Torpeburenure
Morart jia pasriear
CBABPIKAHUETO,
Ipeny Ja penat
JaJIM J1a TO

CIIOCIIAT.

1.7.2 SIR u SEIZ 3a pa3npocTrpaneHue Ha (pajlIMBU HOBUHU

SIR mpexacraBs mnoTpeOUTENUTE

KaToO IMOAAaTINBH,

WHTepnpeTnpyema
06a30Ba JIMHHS C
napameTpu Ha
npefaBaHe u
BB3CTaHOBSIBAHE, HO
0e3 M3pUIHO
3a0aBsHE Ha
€KCITO3UIINATA WK
CKCIITUIIU3BM.
VaBs 3a0aBsHETO
Ha CKCIIoO3unuATa, HO
HE MPE/ICTaBs
H3PUYHO CKETITUYHO
WK OTPOBEPIaBalio

IIOBCACHUC.

AKTHUBHHU  Pa3lpOCTPAHUTCIIM H

BB3CTAaHOBEHU WM HEaKTUBHU ydacTHHLM. SEIZ pasmupsBa Ta3u CTpyKTypa C OTKPUTH U

CKCIITUYHU WJIM HCPA3IPOCTpaHABAIIU CE€ CHCTOAHUSA, KOCTO A IpaBU IMO-IMIOAXOAsSAIIA 3a

IpoLecu Ha Jie3uH(opmans, BKIOYBAIIM 3a0aBsiHe, KoneOaHue u kopekuusa. durypure u

Ta6J'II/II_IaTa C KOC(I)I/II_[I/ICHTI/ITe CC 3alla3BarT, 3all0TO TC OHNPCACIAT HUHTCPIPCTALlUATA Ha

MoJIeNTipaneTo, u3noji3sana B ['asa 3 [33]-[36], [73].

SIR state-transition graph for fake-news diffusion

S
Susceptible
not yet spreading

nsmission / =

shari

g

o= Infected / active

BSI/N

spreader

rgcovery / correctidr

=

vl

1

R
Recovered / removed
corrected or inactive

Interpretation: users move from potential exposure, to active spreading, to correction, inactivity, or removal.

Ourypa 1.2. I'paduka Ha mpexoaa Ha cheTostHUETO Ha SIR 3a pasnpocTpaHeHne Ha (aiInBy HOBUHH.
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SEIZ state-transition graph for fake-news diffusion

S
Susceptible

adowtion

skeptic influg|ce

E
Exposed

z
Skeptic

decisioh delay  chgfllenge

v

| recovery / correction

debunking

R

Spreader

> Removed /
Corrected

Interpretation: the Exposed and Skeptic states represent delayed adoption, non-spreading, questioning, and debunking behaviours.

@urypa 1.3. I'pacduka Ha npexona Ha ceerostHneTo Ha SEIZ 3a pasnpocrpaHenue Ha (alinBy HOBUHH.

Tabmmma 1.6. OCHOBHE KOe(HIIMEHTH B MOICIHUTE 32 pasnpocTpaHeHue Ha ¢pammmeu HoBUHU SIR u SEIZ.

Koepuuuenr Mopen

p SIR/ SEIZ

Y SIR/SEIZ

b SEIZ

p SEIZ

| SEIZ

€ SEIZ

p SEIZ

o Pazmmpen SEIZ

3HaveHue Ha
pa3npocTpaHeHHeTo HA
¢anmmuBy HOBUHHM
CKOpOCT Ha IpeaBaHe OT
AKTUBHH Pa3IpOCTPAHUTEIN

KBbM YSI3BUMH [IOTPEOUTEIH

[TpoueHT Ha BB3CTAaHOBSIBAHE,
3a0paBsiHE WM CITUPaHe
[IpoueHT Ha KOHTAKT MEXIY
YSI3BUMU ITIOTPEOHUTENN 1
CKENTUYHH MOTPeOnTENH
BeposTHOCT 3a AUPEKTHO
NpUeMaHe CJie/l KOHTAKT C
pa3npoCcTpaHuTeN
BepositHoCT 12 cTaHeTe
CKENTUYHH CJIE/T KOHTAKT ChC
CKETTUIN

CKopocCT Ha npexoJ OT
W3JI0’KEHO KbM aKTUBHO
pasnpocTpaHeHne

BnusHue Ha aKTUBHUTE
Pa3NpOCTPAHUTENN BBPXY
U3JI0KCHHUTE Ha PUCK
MOTpeOUTETH

ITpoueHT HAa KOPEKLUS WIN

OIPOBEPKEHUE

Bb3MoxkeH eMnupuieH

3aMeCTHUuTeJI

[porieHT Ha TIOBTOPHU
MyOIHKAINH, MPOLCHT HA
€KCIIO3UIIHs, TEXKECT Ha pedpaTa,
LEHTPAIHOCT Ha HH(]IyeHChpa
Bpeme /10 Kpast Ha CIIO/IENITHETO;
KacKaJieH pa3mnaj

OTroBopu OT pa3BeHYaBAIIH;

KOpurupamu BBaHMOHefICTBI/IH

BeposrHocT 3a He3a6aBHO
MOBTOPHO MyOJIMKYBaHE CIICH
'BPBOTO M3JIaraHe

KopekuoHH 0TTOBOPH, POBEPKA
Ha (aKTHuTe, JIUICca Ha
AQHTKUPAHOCT CJIE]] OTIPOBEPraBaHe
3abaBsiHE OT IMyOJIMKYBaHETO HIIH

OTrOBOp 0 MMOBTOPHO Hy6J'II/IKyBaHC

MHorokpaTHO HU3j1arase;
JUCKYCHOHHH TEMH, KOUTO BOIST

JI0 IpHEMaHe

[Ipenynpenurennu eTUKETH,
MIPOBEPKH Ha (akTute, opuIManHu

KOPEKLUHU
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1.7.3 I'panunm Ha enuAeMUYHATA AaHAJIOTUS

Amnanorusra c CIIMACMUsTA € I10JIC3Ha, HO HCIIbJIHA. ,Z[aHHI/ITC oT HJIaT(I)OpMaTa HC pa3KpuBat
BCAKO H3JIaraHe, JUYHO CHOACIISAHC, U3TpUTA Hy6HI/IKaLII/I5I WM MBJIHYAJIMBO OTXBBPJIAHE, a
ITOBTOPHOTO HY6J'II/IK}’BaHC HE J0Ka3Ba OOCTOBCPHOCT. ToBa OrpaHM4€HUEC MOTHUBHpA I10-
CKOpO OHCHKAaTa Ha HCEOIMPCACICHOCTTAa OT HOCICACH II'bT, OTKOJIKOTO ACTCPMHUHUCTHYHOTO

TOYKOBO HaIltaCBaHCE.

1.8 IIpudsau3uTeHO GaiiecoBO M3UMCIeHNE 32 TU(PY3MOHEH U3BO/

ABC e pasriaenaH, 3amoTo pasnpoCTpaHEHUETO Ha (ajliuBM HOBUHU MOXE Ja Obae
CHUMYJIUPAHO, HO TOYHaTa My BEpPOSTHOCT € TpyAHa 3a ompenensHe. Kanaupgarure 3a
napametrpu SIR wnmm SEIZ renepupaT CHHTETHYHHM KacKaaH; CUMYJIHpPAHUTE 00OOIIEHHS ce
CpaBHSBAaT C HaOJIOJaBaHWTE OO0OOINEHUS; a MPUETUTE YacTULU AalpOKCHUMUPAT
anocrepuopHara HeomnpeaeineHoct. ABC-SMC  ycbBBpIIEHCTBA TO3M MPOIEC 4pe3

oCjIeI0BAaTEIHO HaMalsiBaHe Ha toiepanca [19]-[25], [40], [77]-[80].

1.9 IIponycku B U3CACABAHUATA U OTKPUTH NPOOJIeMH

Jluricute B JMTepaTypata ca CBBbpP3aHHU: OTKPUBAHETO YECTO € OTAEJIEHO OT
pasnpoCTpaHEHUETO, CTATUYHHUTE TpaduKU CKpUBAT BPEMEBUS pel, MapaMeTpuTe Ha
eNuJeMHsITa ca HECUTypHM, HaOOpUTEe OT JaHHU MOJIbpXKAaT pPA3JIUYHU CJOEBE
JI0Ka3aTelICTBA, a MOJEIUPAHETO Ha HWHTEPBEHLMATA OOUMKHOBEHO € OTAEIEHO OT
arocTepuoOpHaTa HECUT'YpHOCT. Te3um mpasHMHM MoTuBHparT pamkara Transformer-ABC-
Epidemic, kbeTO BEpOATHOCTTA 3a ChIIbPKaHUE, JOKA3aTEICTBATa 3a TEMIIOpalHA KacKaja,
nuHamukata Ha SEIZ u anocrepuopnata npornoza ABC/ABC-SMC ce aHanusupat 3aeiHO
[86]-[89].

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

Prediction is
weakly linked to
intervention

Detection and Static graphs Epidemic Datasets support
diffusion are lose temporal parameters are different evidence
treated separately order uncertain layers

! . !
Transformer Temporal SIR / SEIZ ABC / ABC-SM( Forecast &
detection cascades models scenarios

posterior >
ps(x) = P(y = fake | x) Lnew(2)s Leum (1) baseline and main parameters

i i irec diffusion L
content-risk signal directed o criibieiieryais
time-stamped edges mechanisms

posterior
prediction

intervention ranking

y

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.

@urypa 1.4. Kapra Ha nporyckuTe B HAy4YHHTE U3CIIEABAHMS U MpeaioxeHa narerpauus Transformer-ABC-

Epidemic.
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Ta6nnua 1.7. HpOHyCKI/I B U3CJICABAHUATA, MCTOAOJOTNMYHU OTI'OBOPU U OUaKBAHU J0KA3aTCJICTBA.

IIponycku B
U3CJIeIBAHUATA
Jerexnusita u
AUQy3UsiTAa 4YeCTO ce

TPeTHPAT OTAEJIHO.

Crarnununte rpapuku
MOrar Ja CKpHusiT
nbTHINA HA TUDYy3us,
ch0o0pa3sABalIH ce C

BpeMeTo.

IMapamerpure SIR/SEIZ
€a HECUT'YPHH H CaMO

YACTUYHO HA0JII0gaeMHU.

HaGopure OT 1aHHHU 32
ChAbpIKAHHUE H
Ha0opuTe OT JaHHH 32
pa3npocTpaHeHue
NOTHPIKAT PA3THIHA
¢hopmu Ha

A0oKa3zarejacrBa.

AHAIM3BT HA
CMEeKYaBaHeTO U3UCKBA
noBeye oT
KJIacuPUKANMOHHU

€THKETHU.

MeTtono/10ru4es
otrosop B I'1aBa 2
W3znon3Baiite BeposT-
HOCTTA 32 (hammBu
HOBUHH OT Transformer
KaTO CHTHAJI 33 PHCK OT
CBIBPKAHUE U 5
CBBPIKETE C
KOHCTPYKIHUATA HA
TEeMIIOpaHaTa KacKasa.
IIpencraBere TBbpACHU-
sITa KaTO HACOUEHU
TEMIIOPAIHU KaCKaau C
TOJpPEICHH B3aUMO/IEH-
CTBHUS M KPHMBU HA pas-
MIPOCTpaHEHUE, MHICKCHU-
paHU BBB BPEMETO.
Ouenere
HEONpeIeICHOCTTa Ha
napamerpute upe3 ABC
u ABC-SMC,
U3IM0NI3BalKU
Ha0JI01aBaHU KacKaJIHU
00001IeHUSL.

Paznenere Habopute oT
JaHHH, OPUCHTUPAHH KBM
ChIbpKaHue, oT
Ha0opHTE OT JaHHH,
OPHEHTHPAHU KbM
mdysus, 1 fepuHnpainTe
SICHH pOJIK B HabopHTE OT
JaHHH.

N3non3paiite crieHapuu
3a MOCJIEIBAII0
MIPOTHO3UPAHE U
KOHTpadakTyaiHa
nHTepBeHnys npu ABC-
KanOpupaHu

() y3HOHHN MOJICITH.

OuakBaHH 10Ka3aTeI-
crBa B 'maBa 3
MeTpuKkH 32 OTKpUBaHe,
BEPOSATHOCTH Ha HUBO
MIPETEHINS ¥ KaCKaTHU

H3XOJIH 33 JOIYCTHUMOCT.

I_new(t), I_cum(t),
pa3MEp Ha KaCkKajJara,
BpEMEC OO0 JOCTUTAHC Ha
MUK U ITOKa3aTcCJIu 3a

BpeMeBaTa Mpexa.

[TocTepropHu OLICHKH,
JOCTOBEPHH MHTEPBAIN
1 TIOCTEpHOpHA
npecKa3Bama

Kamuoparus.

Pazauunmn
eKCIICPUMEHTH 32
OTKpHUBaHE U
eKCIICPUMCHTH 32
IUQY3US C H3IIOI3BaHE
Ha He3aMeHseMH Habopu

OT JaHHMU.

IIporuosu, cueHapuu 3a
WHTEPBEHINS U 0a30BH
(yHKIIMOHATHA
pe3ynTaTu, CBbP3aHH C

pHUCKa oT Judy3us.

IIpunoc kbM
AucepTanusTa

CBBp3Ba 10CTOBEPHOCTTA
Ha ChIBPIKaHNAETO C
aHanm3a Ha AU y3HOHHUSL

PHCK.

3ana3Ba XpOHOJIOTHITA,
HeoOxoauMa 3a
MOJIC/IUPaHE Ha
Pa3mpOCTPAHEHUETO Ha

(aJIBU HOBUHHU.

ITpenocrasst n3Box 3a
eNUIEMUYCH MOJIET,
ChOOpaseH ¢
HECUT'YPHOCTTA, 32
KacKa¥ OT (hallIiBH

HOBHWHH.

[TonoOpsiBa
METO/I0JIOrUYHATA
BaJIUIHOCT U
MpeI0TBPATABA
TBBPACHHS 32
HETOAIbPXKaHA HabopHU

OT JaHHH.

ITonxperns
HMHTEPBEHIIMOHHO-
OPHUEHTUPAHO
Pa3sChKACHUE OT

HHTETpUpaHaTa paMKa.
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1.9.1 U3caeqoBaTeicku BbIPOCH, IPOU3THYALIM OT JMIICATA HA JUTEPaTypa

1) Bl. Konko edektuBHO TpaHCHOPMATOPHUTE MOJCIM MOraT jAa KiIacH(pHIUpaT
danmuBUTE W HMCTUHCKATE HOBHHM B KPaTKH TEKCTOBE, JBITU TEKCTOBE,
MHOTO€3UYHH U HUCKOPECYPCHU HAOOpH OT TaHHU?

2) B2. Kak TBbpAcHMsATA 3a (aylIMBXM HOBHHM MOTAT Ja ObIaT MPEICTABCHHU KaTo
BpPEMEBU KacKaJIu, MOIXOASIIHN 32 MOJICTHPAHE B CTUIT €MHUIEeMuUs?

3) RQ3. SEIZ npenocrasst iu mo-noaxo o npeacrassine oT SIR 3a pasnpocrpanenue
Ha (panmuBM HOBUHH, KOTAaTO 3a0aBSHETO Ha €KCIO3UIUATA U CKENTHIM3MBT Ca OT
3HaueHue?

4) RQ4. Morar 11 ABC u ABC-SMC na olieHIT HeOolpeAeIeHOCTTa B TapaMeTPUTE Ha
pasnpocTpaHeHue Ha (aIMBI HOBUHHU OT YaCTUYHO HAOJIOJaBaHU KacKaIu?

5) RQS5. Moxe a1 koMOMHUpaHa pamka ,,Tpancdopmarop-Temnopaina-Mpexa-ABC*
Jla TTOJIIIOMOTHE IOCJIEBAIIO MPOTHO3UPAHE U MHTEPBEHIIMOHHO-OPUEHTUPAH aHAIN3

Ha pUcKa OT (QaJIiBU HOBUHU?

1.10 3ak0oyeHue HA rJjaaBarTa

I'maBa 1 3axnrouaBa, 4e aHaMM3bT Ha (ammIMBUTE HOBUHU W3WCKBA WHTETPHUPAHU
JI0Ka3aTelCTBa, a HE M30JMpaHa TOYHOCT Ha Kiacudukauusarta. CienoBaTelqHO IenTa Ha
JUcepTanusTa € /1a ce pa3padoTH U OLIEHH paMKa, KOATO CBbpP3Ba €3MKOBU MOJIENH, 0a3upaHu
Ha Transformer, npesacraBsHe BbB BpemeBa Mpexa, SIR/SEIZ enunemuuno mozaenupase u
ABC/ABC-SMC anoctepropna undepenius. M3ciaemoBarenckure 3a1auu, IPOU3THYAIIN OT
Ta3u 1eJ1, oOXBalaT Mperjes Ha JuTeparypaTa, pasjeisHe Ha HaOOpU OT JaHHU, OMHAPHO
OTKpUBaHe, KackaaHo KoHcTpyupaHe, SIR-SEIZ cpaBHeHue, u3BOa, ChOOpa3eH cC

HEOMPCACIICHOCTTA, U UHTCPBCHIIUOHHO-OPUCHTHUPAH CUHTE3 HA PUCKA.

Tabmuna 1.8. KoMmmnakreH cHHTE3 Ha MperjieianaTta JMTepaTypa 1 HEHHOTO 3HaUEHHUE 3a Mpe/IoKeHaTa

JaucepTanusl.
JluteparypHo OcHoBHa cuia OcraBamo orpannyenne = PeneBaHTHOCT KbM
HaIpaBJICHHE Ta3u JUCEPTALHUS
Jedunnnun u WzscusiBa pammuuswy, ETtukerute Morat na MoTuBupa BHUMATEIHO
aHOTAIUM HA GaJIIUMBH = CHMHUTEIIHH, ObJIaT CyOSKTHBHH, IBOMYHO
HOBUHH MOJBEXKJAIIN W CBbP3aHM = HEIBJIHM WM HeCTAOWIHN = KapTorpadupaHe U
C TSX IOHATHS. BBHB BPEMETO. oOcHKIaHe HA
HESICHOTHTE B
AQHOTAITNHNTE.
Knacuuyecko mamunno | MHrepnpetupyema, OrpanudeHo IIpenocrass
o0y4eHnne e(uKacHa u 1oje3Ha KOHTEKCTYaTHO HUCTOPUYECKHU KOHTEKCT U
kaTo 6a3oBa pasbupane u ciad 00SICHUMH TOYKH 32
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Jerexkuus Ha 6a3aTa Ha

TpaHcpopmaTop

KanuOpupane Ha
BePOSITHOCTHTE U

YCTOHYHUBOCT

AHaJIu3 HA

TEMIOPAJHATA MpeKa

Mopgean Ha enuaeMus U

cIyxoBe

ABC u ABC-SMC

H3BOJ

HNHTepBeHUNOHHO-
OPUEHTHPAHO

MojeTupaHe

MCTOOOJIOTHUA.

YnaBsi KOHTEKCTyaHaTa
CEMaHTHKa W OATbpKa
BEPOSITHOCTHO
OLICHSBAHE.

[lopnbprka HamexkAHA
UHTEpIpeTanus Ha
pe3yaTaTuTe OT MojeNa U
CTaOMIJIHOCT MEXIY
pa3nuYHHUTEe HAOOPH OT
JaHHH.

3ama3Ba noapenobara,
3aKbCHEHUATA U
MapIIpyTUTE, CTIa3BaIIN
BPEMETO.

[TpencraBeTe ChCTOSHUA
Ha pa3NpoCTpaHECHHUE,
IIparoBe M KacKajgHa
OUHAMUKA.

Or11eHsIBa HECUTYPHH
napameTpH, KoraTo
BEPOSATHOCTHTE Ca

Hepa3peIMH.

Cebp3Ba
MPOTHO3UPAHETO ChC
CTpaTeruu 3a

CMCKYaBaHC.

TpaHcdep mpu NpoMsHA
Ha JOMeEiiHa.

W3uckBa n34uncieHus,
Ka4eCTBO HA TAHHUTE U

ajanTanys KbM JOMENHA.

He 3amectBa
HEOOXOAUMOCTTA OT
MOJIe/IMpaHe Ha BpeMeBa

mudy3ust.

YecTo OTKBCHATH OT
CTUKCTHUTEC 3a
JAOCTOBCPHOCT HaA
CbhABPIKAHUCTO.
YoBemKOTO OBEICHUE 1
CKpHUTaTa CKCIIO3UI M Cca

caMo MPUOTUUTEIHU.

UyBCTBUTENEH KBM
0000111eHUATA,

WICHTUHUINPYEMOCTTA 1

HU3YUCIIUTCIHUTE PA3XOAH.

YecTo OTCHCTBA OT
CTaHAAPTHUTE OAXOAN

CaMoO 3a OTKpHUBaAHEC.
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CpaBHCHHUC.

®opMupa OCHOBHHUSI CIOU
3a OTKpUBaHE Ha
ChIbpIKaHNE HA
IIPEATI0KEHATa paMKa.
MoTuBHpa U30JI3BAaHETO
Ha KanuOpupaHa
BEPOSITHOCT Ha
TpaHcdopmaropa KaTo
BXOJI KbM CIIOS Ha

T y3HOHHUS PHCK.
IMonmpprka KackamgHO
n3rpakaaHe ¥ QyHKIUH
3a TeMnopaHa AU y3us
U TIAMET T10 IHTUINATA.
Ocurypssa SIR u SEIZ
OCHOBHU 3a aHAJIN3 Ha
Ppa3npoCTpaHeHNETO Ha
(ayIMBU HOBUHHU.
[To3BonsiBa KanuOpupaHe
C OTYHTaHE Ha
HEOIpe/IeNICHOCTTa Ha
(] y3HOHHNTE MOAEIH
SIR/SEIZ.

MoTuBHpa MocieBao
MIPOTHO3UPaHE U
WHTEPBEHIIMOHEH aHAJIH3

B ['maBa 2.

I'nasa 2. Ilpeasioxkena paMka u MeTo10J10rus 32 Tpanchopmarop-ABC-

ClIuaeMusl.

2.1 O0ma npeasoKeHa paMKa

I'maBa 2 onepanuonanu3upa TeopeTnyHara pamka. [Ipenioxkenara MeTog0I0TUs ©UMa YETUPH

cllosl: CJIOW JaHHHU 3a Ha60p1/1 OT JaHHU 3a CBABPIKAHUC H ,I[I/I(I)y3I/I$I, CIIOM 3a IBOMYHO

oTKpuBaHe, OasupaH Ha Transformer, cioii 3a MonenMpaHe Ha TEMIIOPATHU MPEXH U

emuaemun 1 cioit 3a u3Bo ABC/ABC-SMC. Ta6muua 2.1 u anropursm 2.1 ca 3anaseHu,

3a1I0TO OCUTYpSABAT MPOCICANMOCT MCKAY HU3CICAOBATCIICKUTE BBIIPOCHU, METOOJOJIOTHUYHHUTEC

KOMIIOHEHTH U pe3ynrarute ot I'nasa 3.
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Ta6nnua 2.1. MeTtoaomoruuHa MaTpula 3a IpocCJI€ANMMOCT Ha BHEAPCHATA paMKa Ha JUcCEpTalusaTa

H3caenoBareiicku
BBIPOC / e

RQI: oTkprBaHe Ha
JIBOMYHH (haIIIUBH
HOBUHH B Pa3JINdHA
TEKCTOBH THIIOBE H
€3UnHn

RQ2: BpemeBo
KacKaJlHO
IIPEACTaBsIHE HA
TBBPACHUSA 32

(anmmBu HOBUHU

RQ3: Monenupane
Ha mudysus Ha SIR
crpsimo SEIZ

RQ4: u3Bop 3a
rapamMeTpy Ha
enuaeMusITa,
CchOOpaseH ¢

HEONPECACJICHOCTTA

RQ5: nocneasamio
MIPOTHO3UPAHE U
WHTCPBCHIIUOHCH

aHaJIn3

MeTtoaoJ10oru4eH
KOMIIOHEHT
BERT, RoBERT ,
BigBird, mBERT,
XLM-RoBERTa u
KJIacH9IecKH 0a30BU

JIMHUN

Hopmanuzupane Ha
BPEMEBH OTIICUATHIIN,
HaCcOYeHH pedpa

Lhew (t)m

Ieum (t)KackagHu
XapaKTePUCTUKHI
Kaptorpadupane Ha
0azoBara nuHusg Ha SIR
" cbeTossareTo Ha SEIZ
3a aKTHUBHO
pasmpocTpaHeHHe,
€KCITO3UIIUS 1
CKENTUIIU3BM

ABC u ABC-SMC
anoCTepUOpHA
HHpepeH-1us,
M3I0JI3Bala
Ha0JII0JaBaHH KaCKaIHH
00001IeHUS
IloctepuopHa
MPOTHO3HA CUMYJIAIINS,
KpPaTKOCPOYHO MPOTHO-
3UpaHe U CMYIIICHHE Ha
napameTpu OT
KOHTpadakTyalieH

moaxon

Tun HaOop OT JaHHHU

Orpannuenne@AAAI2021,
FRN, ISOT, CoAID u
AnbaHCKH KOpITyC Ha

(hammuBUTE HOBUHU

Kackama ot Twitter/X Ha
COVID-19, uzmamu /
OSoMeNet, kackana,
BHECEHA OT U3MaMU, U
CHHTETHYHA aj0aHCKa
Kackaja

OCHOBHHU EMITHPAIHH

KaCkaau OT (1)aJ'H.HI/IBI/I

HOBWHH

Emnupuunn andy3noHHo-

OpHUCHTHPAHU KaCKaau

EMnupruynm kackaau ¢

M3BJICUCHU BPEMEBU PEIOBE

AaroputsMm 2.1. Tpancdopmarop-ABC-Ennagemuden Tp00npoBosa.

BxomoHM IaHHNM:

f0asypaHM Ha CbhObpXaHMe HabopM OT HmaHHM 3a GajumBY HOBMHU,

T'1aBa 3 gjoka3arejicTBa
WIHN pe3yJITaTu

TouHOCT, IPEIU3HOCT,
ITBJIHOTA HAa OTYUTaHe, F1-
orrenka, ROC-AUC u

AHAJIN3 Ha TPECIIKUTE

I'paduxu HA pazmepa,
IbJI0O0YHHATA,
LINPOYHMHATA, BPEMETO 10
JOCTHTaHe Ha MUK U
BPEMEBO-MPEKOBaTA

Kackaaa

Hamacuatu kpuBm Ha
pa3npocTpaHEHHE,
TPaeKTOPHH Ha
OTZAEJICHUSITA U TAOIUIN 3a

CpaBHCHUC Ha MOJCIIN

[ocTepropHH OLCHKH,
JIOCTOBEPHH UHTEPBAIIH,
00001IEHNs HA
KOHBEPTEeHIUSTA U

KamuOpHupaHeTo

IIporno3nu pesynrary,
CIICHapHUHU 32 HHTEPBEHITU
U QyHKIMOHAITHA
JIOKa3aTEJICTBA 33 PUCKA OT
mudysns Ha 6a3oBarta

JIMHU S

oM@y 3MOHHO—

OPMEHTHPAHM KaCKaIHM 3allMCM M INOKYMEHTHMPAHM IIpaBlujia 3a I[IpelBapuTeJiHa O@pa@OTKa.

1. [louncTeTe TEKCTOBUTE IIOJleTa U XapMOHMBMpaﬁTe EeTUKETUTE B IMIPOBEpPAEeMO IOIBOMYHO

npencraBgHe OQasums/peasieH Kom.

2. TOKEHUBMPANTE CBOBPXAHMETO CIHOpel u30paHoTO cemeicTBo Transformer u oleHeTe

CJIOA 3a IOBOMYHO OTKPMBAHE.
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3. /I3BJledyeTe MM BanMlleTe BEPOATHOCTTA 3a (ajMBM HOBMHM, OLEHEeHa OT MoIeJja,
pr(x)3a momycTuMmu TBBEPOEHMS .

4, BanaseTe BPEMEBM OTICYATEHLUM, NOTPEOUTEJNICKM WM UNSHTUOUKATOPM Ha M3TOUHMK—
ek, KaCKaIHV UOSHTUOUKATOPU M TUIOBE IEMCTBMA 3a OUDY3MOHHO-OPUEHTMPAHU BaluCU.

5. KOHCTpyMpanTe HAaCOYeHM TeMIopaliHu Kackamy u usumciere lew(t), Iam(t) xaxro un

obobleHa CTaTUCTMKa Ha MpexaTa.

6. HanacrueTe 1mudy3moHHMTEe Momenu SIR wm SEIZ KBM EMIMPUMUYHMTE KPMBM Ha
pas3npoCTPaHeHe .
7. NanweiaHeTre ABC m ABC-SMC m3BOIM, MINOJIBaAVKM HaOJIOIAaBaHM KacKaIHM oOOOOmEeHuS U

TeHEPMPaHM OT CUMYJIATOP TPaEKTOPUM.

8. T'eHepupanTe IocJieOBaln IPOTHOCTUYHN KPWBU, KPaTKOCPOUHM IPOTHO3M n
XUMNOTETUYHY CLEeHapuy 3a MHTEPBEHLMS.

PesynTar: KJ1acUPUKaALMOHHN IOKa3aTeJICTBa, KackKaOHO IpencTaBsHe, OLIEHKU Ha
EeNMOEMMUYHNTE IapaMeTpu, aloCTEPMOPHAa HEONPENEeJIEHOCT ¥ MHTEPBEHLMOHHO-OPMEHTMPAaH

IMQy3MOHEH aHaJM3 Ha PUCKA.

2.2 Kputepuu 3a nu3d6op Ha Ha0Op OT JaHHHU

N300ppT Ha HAOOp OT JaHHU pa3dens JoKa3aTelicTBaTa, O0a3sUpaHU Ha ChABPKAHHUE, OT
JI0Ka3aTelcTBaTa, OpUEHTUPaHU KbM nudy3us. HabopuTte OoT naHHM 3a ChABpKAHHE TPAOBa
Jla MPEAOCTaBAT TEKCT U (pallluBU/pealHd €THUKETH 3a KOHTPOJIMPAHO OTKpHUBAHE, JOKATO
HabopuTe OT JaHHU 3a TUdy3us TpsOBa 1a MPEAOCTaBIT BPEMEBH MAapKH, B3aUMOJICHCTBUS U
kackagHa ctpyktypa 3a SIR/SEIZ u ABC monenupane. ToBa pasrpaHndeHue npeaoTBpaTsiBa
MHTEPIPETUPAHETO Ha HAOOpUTE OT JAHHU 3a KJIacCU(UKALIUS KAaTO JI0Ka3aTeicTBa, 0a3upaHu
Ha BpeMeBa Mpeka, U MOAIbp’Ka BB3IMPOU3BOJAMMOCTTA 4pe3 JOKYMEHTAalUs, €THKa U
orpanunyenus 3a goctwi [30], [81]-[85], [90]-[94].

3a andy3noHHO-OPUEHTUPAH aHAIN3 W3UCKBAHHATA 32 HAOOPHUTE OT JIAaHHU Ca IMO-CTPOTH.
Monenupanetro Ha SIR, SEIZ, ABC u ABC-SMC u3uckBa Ha0nr01aeMyu BpeMEBH CUTHAIIH,
B3aMMO/JICHCTBUS C MOTPEOUTENUTE, KaCKaJHO YJICHCTBO U MPEXOBa CTPYKTypa. 3ara3eHusT
nudy3uoHeH cinoi ot ['naBa 3 crnegoBaTenHoO U3MOI3Ba Kackaaara OT TBHPACHUA 3a (PallIiBU
HoBuHU OT Twitter/X Ha peannu ganHu 3a COVID-19 , KoponaBupychT HE camo BiMsie Ha
HayuHa, MO0 KOWTO KMBEEM, HO M JPAMAaTUYHO BIMs€ HA HAuYMHA, IO KOMTO ymHpame.* ,
Kackajata OT TBBbpJAEHUS 3a mnojutuuecku ¢ammuBu HoBuHM Hoaxy / OSoMeNet,
UMIIOPTUPaHOTO OT Hoaxy colmanHo TBbpAeHUE 3a (alluByi HOBUHH ,, | psOBa 1 €IUH TYUT
Jla CIOXKHW Kpal Ha Kapuepara? u CHHTETHYHATa ajidaHCKa BpeMeBa Kackaja. Te3u Habopu
OT JJaHHM C€ 3ala3BaT, 3all0TO MOAIbPKAT KPUBH HA Pa3NPOCTPAHEHUE C BPEMEBH ITPO30PIH,
HACOYCHHM B3aWMOOTHOIICHUS MEXKIY MOTpeOuTenr U Iney (t) U Ioym(t) xomuuecTBaTa,
neobxoaumu 3a SEIZ u ABC/ABC-SMC monenupane [90], [86]-[89].
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Content datasets Transformer
Constraint, FRN, ISOT, detection layer
CoAID, Albanian corpus p_ftx)

COVID-19 cascade, Hoaxy,
Should One Tweet End a Career?,
Synthetic Albanian cascade

SIR / SEIZ
diffusion modelling

Diffusion datasets

Temporal-network

construction
paths + cascades

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

ABC / ABC-5MC
parameter inference

tions

@urypa 2.1. Jloruka 3a u360p Ha HAOOp OT AaHHH U MeToM0J0rUs 3a pamkara Transformer-ABC-Epidemic,

ChCTOsAIIA CC OT UCTUPU I''TaBU

Tabnuna 2.2. Kpurepuu 3a n300p Ha HAOOp OT JaHHU U PENIEBAHTHOCT KbM IpEIOKEHaTa paMKa 3a OMHApHO-

Kpurepuii

KauectBo Ha
€THKETUTE U

TEKCTa

Bamanc Ha

OWHApPHUS KJIac

JloMeitH, e3uK u

JIbIDKHHA

Bpemenna

nHpopmanus

BsaumoneiictBue u

KAacKajHa

CTPYKTypa

(dokycupaHa qucepTaIus

HN3uckBane 3a n3dop

Hanexnuu
(haIMBH/MCTUHCKH ETHKETH U
JIOCTBITHO ChABbPYKAHHE HA
TEKCT, 3arJlaBue, TBbPJCHHE,
My OIMKAINS MK CTaTHS.
JlocTaTh4HO MpencTaBsiHe Ha
(hamvBY M peaHu KJIAaCOBE
WIN TOKyMEHTHpaHa

CTpaTerud 3a zmc6anch .

OrtpassiBaHe Ha
3/IpaBeona3BaHe, IOJIUTHKA,
0011 HOBHUHH, BJITY CTaTHH,
KpaTKH ITyOIUKAINN U €3UIH C
OTPAHUYEHU PECYPCH.

Bpeme na nmybnukyBane,
BpeMe Ha TynTBaHe, 3a0aBsiHE
Ha PETYUTBAHE, BpEMeE 3a
OTrOBOP WJIM XPOHOJIOT U Ha
CBOUTHETO.

Peryutose, orroBopy,
MOBTOPHU ITyOJIMKAIINH,
KOMEHTapH, IbpBeTa Ha
Pa3NpoCTpaHEHNUE WM 3alHCH

34 aHTAXKHUPAHOCT Ha

Posst B OTKpUBaHeTO
HA ABOMYHU
eJ1eMeHTH
Heob6xoaumo 3a
KOHTPOJIHUPAHO

oOyueHHe U

CpaBHCHUC HAa MOJCIIN.

[omobpsiBa F1-
pe3ynTara, mpenns3-
HOCTTa, U3BUKBAHETO
Ha nHQOpMAIHA U
aHaJn3a Ha TPEIIKUTE.
IToaabpxka
MEX1yZOMEWHa,
JIBIITOTEKCTOBA M
MHOTOE3WYHA OI[CHKA
Ha Transformer.
ITonesno 3a
EKCIICPUMCHTH 32

PAaHHO OTKpUBAHE.

Mo3xe 51a ce u3Ioa3Ba
KaTo METaJaHHH,
KOTaTo ca HAJIMYHHA

CTUKCTH U TCKCT.
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MOTPEOUTEIHTE.
ETvka u Jluuensupane, orpaHUYEHUS Ocurypsia otroBopHO | OcurypsiBa OTTOBOPHO
BB3MPOU3BOJUMOCT | 33 IOBEPUTEIHOCT, MOJUTHKA | W3IOJ3BaHE Ha U3II0I3BAaHE Ha JAHHU Ha
Ha atdopmara, STUKETH U TEKCT. HHBO BpeMeBa MpeKa 1
AQHOHUMU3ALUS U HOTPEOUTEN.

JIOKYMEHTAIUs 32 HabopH OT

JIaHHHU.
Q(D) = Y wi C (D), k € {text,label, binary, time, network, ethics} (2.1)
B ypaBuenwue (2.1), [J(D) npencraBisBa oOuus pe3ynraT 3a MPUTOAHOCT HA HAOOP OT JaHHU
D. TepMuHbT Ciey(D) H3MEpBa TEKCTOBATa HAIMYHOCT M KadecTBO; Cl,pel(D) M3MepBa
HaJEKIHOCTTA HA €THKETHTE; Cpinary(D) M3MepBa CHBMECTHMOCTTA C JBOMYHATA 33jaya
dbammm/peanen dpopmar; Ciime (D) u3mepBa BpemeBata uHGOpMAIus; Cperwork (D) U3MepBa
JaJd TIOTPEOUTENCKUTE B3aMMOJICHCTBHSA MM KacKald MOTaT 1a ObJaT PeKOHCTPYMPaHH; U
Cethics (D)¥3MepBa OrpaHUUYCHUATA 33 JOKYMEHTAIHSA, JOCTbII, IOBEPUTEIHOCT U OTTOBOPHO
usnossBane. Teriara MoraT Ja ce KOPUTHpaT B 3aBUCHMOCT OT TOBA JaJId €KCIIEPUMEHTHT €
NPEIUMHO EKCIIEPUMEHT 32 OTKPMBaHE Ha TpaHCcOpPMATop WM EKCIEPHMEHT 3a

T y3nOHHO-UH(EPEHCEH U3BO/I.

2.3 OcHOBHU HA0OPH OT JAHHU

2.3.1 HaGopu ot nanHu, 0a3UpaHM Ha ChAbP/KaHUeE, 32 OTKPHBaHe Ha TpaHcdopMaTopn
Habopute oT nmaHHM 3a ChABpPKAHME MOJABPKAT JBOMYHO OTKPUBAHE IMpPH pPa3IMuHU
ycnoBus: Constraint@AAAI2021 3a kpatku nyomukamuu 3a COVID-19, FRN u ISOT 3a
IBJITH MyONIMKauu Wik HacTpoilku B ctui ctatus, CoAlD 3a 3apaBHa nesuHdopmanus u
aJI0aHCKUAT KOPITYC 32 MHOTOE3MYHA OLIEHKa ¢ HUCKH pecypcu. Tabnuna 2.3 e 3ama3zeHa KaTo
0000I1IeHre Ha poJIATa Ha KOMITaKTHUS Habop ot manuu [30], [81]-[85].

Tabmuna 2.3. CpaBHHTENICH NpeTIiea Ha OCHOBHHUTE IBONYHHU HA0OPH OT IaHHM, Oa3MpaHu Ha ChIbP)KAHHE,

HM3II0JI3BAHU B JUCECPpTaAlUATA

Habop ot nannn Ki1r040BH XapaKkTepuCcTHKH OcHoBHa ynoTpeda B Ta3d AMCEePTaALHA

Constraint@AAAI2021 Jesundopmarms 3a COVID, OtkpuBaHe Ha OMHApHU (HAIIVBY HOBUHU B
KpaThK TEKCT YCIIOBHS Ha KpU3WCHA HHPOPMAIIHS.

FRN o011a kIacupuKans Ha OTtkpuBaHe Ha GaTINBA HOBUHH C TBJIBT
(hanmBH/ UCTHHCKH TEKCT M orieHKa oT BigBird.

ISOT JIBJITY HOBUHAPCKHU CTaTUH MamniabeH gBondeH OEHIMAPKUHT

MEXXIYIOMEHHO TECTBAHE 32 YCTOWYHMBOCT.
CoAID CoabpikaHue, CBBP3aHO C OtkpuBaHe Ha Je3MH(POPMAIHS B
CovID 3/IpaBEONa3BaHETO U YaCTUUEH aHAJIU3 Ha
COIMATHUS] KOHTEKCT.
Albanian Corpus €3WK C HHCKH PECYPCH MHoroe3nu4Ha OlleHKa Ha TpaHC(hopMaTop B

cpejia ¢ HUCKH PECYPCH.
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2.3.2 Indy3noHHO-OpHEHTHPAHU HAOOPH OT JAHHU 32 MOAEJTHPAHE HA TEMIIOPATHHM KAaCKaAN

Pazmen 2.3.2 mpencraBs Hakparko AWQPY3HOHHO-OPHEHTUpAHWTE HAOOpH OT JaHHH,
u3non3Banu B ['nmaBa 3. 3amazeHute HaOOpW OT JaHHU ca: peajHaTa Kackajaa OT (aslIuBU
HoBuHU 3a COVID-19 B Twitter/X ,,KopoHaBupychT He camMo BiMsA€ Ha HAYWHA, IO KOWUTO
KUBEEM, HO U J[paMaTUYHO BIIUSE HAa HAYMHA, [0 KOWTO yMHpame.‘‘; Kackaaara oT (aaimBu
HoBuHU 3a Hoaxy / OSoMeNet ,,Tpu Munnona riaca Ha Hpe3uJeHTCKUTE HU300pu Osixa
MO/aJIeHN OT HEJerajJHU UMHUTPaHTH.”; BHeceHa oT Hoaxy kackajga oT conuanHu (QaliiiBu
HOBHMHHU ,,Ips0Ba 1M €OMH TYHT Ja CIIOKM Kpail Ha kapuepata cH?; U CHHTETUYHOTO
anbancko (ammuBo HOBHHO ,,Shqipéria do t€ presé 100 mijé palestinezé€ nga Gaza.” Tesu
HaOOpYW OT TaHHM MPEIOCTABAT 3aMUCH C BPEMEBH OTIIEYATHK OT MOTPEOUTEN 0 MOTpeOnTEN
WM Ha HABO TBBHPJCHUE 32 HACOYEHU BPEMEBH KacKaiH, Inew (), Ioum (t), SIR/SEIZ BXOmHM
nanan 1 ABC/ABC-SMC pestometa. [logpobnu omucanusi, mpaBuia 3a (uiatpupaHe u

pa3lIMpeHn MeTaJaHHu ca npenocraBeHu B [Ipunoxenne D.

2.3.3 O0001menne Ha posIuTe B HAOOPUTE OT JTAHHHU

Crparerusita 3a Ha0Op OT JaHHM YMHILJICHO IIPUIIKMCBA Pa3jIMYHU POJIM Ha JI0Ka3aTesacTBaTa
3a ChIbpKaHUWE U pasnpocTpaHeHue. Habopure OT NaHHU 3a ChIbpKaHUE OOydaBaT U
OIICHSIBAT BEPOATHOCTHHUSA CJIOM Ha (QaluBUTe HOBUHU; HAOOpPUTE OT JaHHU 34
pasnpoCTpaHEHUE MPENOCTaBAT KPUBU HA pPa3NpOCTPAHEHUE, NMOAPEAECHU BBB BPEMETO, U
MpexoBa CTpykTypa. ToBa paznensHe € MEeTOAOJOTMYHA 3alluTa Cpenly HENOAKPENeHU

TBBPACHUA.

2.4 IlpeaBapuresiHa 00padOTKAa HA JAHHHU M €KCIIEPUMEHTAJTHA OAT0TOBKA
[IpenBaputennata o0paboTka NpPOM3BEXJa JBa KOOPAMHHPAHM H3XO0Ja: TOTOBH 32
ChJIbpKaHue 3amucu 3a kinacudukauus Ha Transformer m roroBu 3a Audy3us 3amucu 3a
MOJIeIMpaHe Ha TeMIopajiHa Kackajna. HeegHO3HAUHHMTE €THMKETH c€ U3KIYBAaT OT
OCHOBHHTE OWHApHU E€KCIIEPUMEHTH, KOTaTO € HEOOXOANMO, JIOKATO pa3IINpEHUTE TPUMEpPH
ca OTpaHMYEHHU /0 JIaHHM 3a oOy4yeHue, 3a Ja ce NpeAoTBpaTH u3THyaHe. Tabmuna 2.4
000011aBa 3aMma3eHuTE 1eJIM Ha TIpeABapUTEeIHaTa 00padoTKa.

Tabmuna 2.4. Ilenn Ha npenBapuTesHaTa 00padOTKa 32 OTKpHUBaHE HA JIBOMYHHU (aIIIMBY HOBHHHU M aHAJIN3 Ha

TEeMIOpaTHaTa TUPY3H

Ien Ha mpexBapuTeIHATA CboTBeTHH HA0OPH OT MeToa010rHYHA eI

o0paboTka JaHHA

HanexxgHocT Ha TekcTa Constraint@ AAAI2021, [IpemaxHeTe TEKCTOBUS LIYyM, KaTo
FRN, ISOT, CoAID, CBIIEBPEMEHHO 3ala3UuTe CUTHAIIUTE 32
AnbGaHCKH KOPIyC Ha JIOCTOBEPHOCT 3a JABOUYHA KJTacH(PHUKAITHSI.

(hammmBA HOBUHHI
[TocmemoBarenHOCT Ha Bcuuku HaGopu oT ChITOCTaBeTE XETEPOTEHHUTE ETUKETH B 0010

ETHUKETUTE JlaHHY, Oa3upaHu Ha (hanmuBo/peaTHo MpeICTaBsIHEe 32 EKCIIEPUMEHTH
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ot 'maBa 3.

I"'oToBHOCT 3a mucaHe Ha

JOBJITH TCKCTOBE

Hopmanuzupane Ha HUCKUTE

pecypcu

BpemenHa 1stoct

Bb3npousBoauMocT u

npeaoTBparssBaHe Ha TCHOBC

CbAbpPIKaHUEC

FRN u ISOT

IloaroTBeTe MoO-ABATH CTATUH 34 Transformer,

BKitounTenHo BigBird mnm crparernn, 6a3upann

Ha TIPO30PLH.

Albanian Corpus na

(ammmBUTE HOBUHH

3amazere crieruuyHATE 32 aT0AHCKH CHMBOIIH,

MMEHYBaHH OOEKTH M MECTEH PEYHUK 32

MHoroe3ngauTe Tpanchopmbpc.

Jucdy3nonHo-
OpPHEHTHpPaHH HabOpH OT
JaHHH

Bcunuku Habopu oT naHHM

3ama3ere BpEMEBHUTE OTMETKH, Pelia Ha ChOUTHATA
U CTPYKTypaTa Ha B3aUMOJCHCTBHE C
MOTPEOUTEIS 32 KACKATHO M3TPaXKIaHE.

HpaBI/maTa 3a MOYUCTBAHEC, PA3ACIAHEC U

JA0IbJIBAHC Ha TOKYMCHTA CC 3aIlMCBAT, TaKa Y€

CKCIICPUMCHTAJIHUTC PC3YJITATH Aa MOTaT Ja

OBIaT BB3NPON3BEACHH.

2.4.1 IlouncTBaHe M HOPMAJM3UPAHE HA TEKCT

IlouncTBaneTo Ha TEKCTa € KOHCCPBATHBHO:

nyONMUKaTUTe W Mpa3HUTE IoJIeTa Ce

KOHTpOJIHMpAT, JA0KATO URL AJ[PCCUTC, XalITAaroBETC, CIiIOMCHABAHUATA U CHGHI/IQ)I/I‘IHI/ITG 3a

C3MKa IIOACKA3KKW CC 3alla3Bar, KOraro Morat aa HOCAT HJOCTOBCPHOCT HIIM I[I/I(by3I/IOHHO

3HaueHue. ToBa € 0coOeHO BaXkKHO 3a KpaTKu TCKCTOBC B COLHMAJIHUTC MCIUU U ag0aHCKH

3alnMcCu, KbACTO MPCKOMEpHATA HOpMalu3alusad MOXKE Oda IMPEMaxHCE IIOJIC3HA I/IH(l)OpMaHI/IH

[86]-[89], [99], [112].

Ta6nuna 2.5. OcCHOBHHU OIlepaluy 3a MOYUCTBAHE U HOPMAIM3UPAHE HA TEKCT, 3alla3eHU B OCHOBHATA

Onepauus
Kontpon Ha nybnupanu u

IIpa3Hu TEKCTOBE

Oo6padotka Ha URL anmpecn,

CIIOMCHAaBaHUA U XalllTaroBe

Hopmanuzupane Ha
IMYHKTYyaluAaTa U TJIaBHATE

OykBU

3ama3BaHe Ha CHCHI/I(IJI/I"IHI/ITC

3a €3MKa CUMBOJIN

METOJOJIOTHs
Jleuenne

[IpemaxHeTe TOUHUTE AyOIUKATH U
H3IIpa3HeTe BAKHUTE TEKCTOBU
MOJIETA.

Cranpaprusupaiite, a He U3TpUBaTE
aBTOMATUYHO, KOTaTO TOKEHBT MOXKeE
Jla HOCH IOCTOBEPHOCT HJIU 3HAUCHHE
3a pa3snpOCTPaHEHHUE.
Hopmanuszupaiite npekomepHaTa
MTyHKTYalus ¥ U3I0JI3BAHETO Ha
TJIABHHU U MaJIK OYKBH, KaToO
CBHIIIEBPEMEHHO 3aIla3BaTe TPAHUITITE
Ha M3pEYCHUITA.

3amazere anbaHCKUTE CUMBOJIH KaTO

éug.

IIpuyuna
[IpenoTBparsBa 3aBUILEHU PE3YITATH

1 HCBAJIMJIHU TPECHUPOBBYHU 3allHCH.

3ama3Ba CUTHAJIUTE 3a TEMA, U3TOYHHUK

u mathopma.

[TomoOpsiBa TokeHU3anMsATa O6€3
HpeMaXBaHe Ha CTUJIIUMCTUYHHU

J0Ka3aTeciiCcTBa.

Honawspika uHbOpPMAIIHS 32 €3UK C

OTpaHUYEHH PECypCH.
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2.4.2 XapMoHHM3aUMsl HA €eTUKETHTE

XapMOHHM3UPAHETO HA OMHAPHU €TUKETH KapTorpadupa XeTeporeHHH €TUKETH Ha HaOopH OT
JaHHU B o0mma (anmuBa/peayiHa 1ieJl, KaTo ChLIEBPEMEHHO 3ala3Ba OPUTMHAIHUTE €THUKETH
KaTo MeTajaHHW. YpaBHeHusaAta u Tabmuna 2.6 1HOKyMeHTHpaT [pUHOMIA Ha
KapTorpagupase U MoJAbpKaT MPO3payHa MHTEPIpPETalls Ha BCUUKU MO-KbCHHU pe3yJTaTu

ot oTkpuBaneto [81], [83].

Vi = {1, if the item is fake-news-oriented, 2.2)
"0, iftheitem is real or reliable. '

B ypaBuenue (2.2) ypi, O3HauaBa XapMOHM3UpaHATa JIBOMYHA 1€, M3IOJI3BaHA B

eKCIIEpUMEHTUTE 3a OTKpuBaHe Ha TpaHchopmaTop. ChHIOCTaBIHETO HE H3TPUBA

OpUTHHAITHUS €TUKET Ha Ha0bopa OT JIaHHU; BMECTO TOBA OPUTHHAIHHST CTHKET CE 3arma3Ba

KaTo METaJaHHHU 3a CYpOBU €THKEeTH. ToBa mpeaoTBpaTsiBa METOIOJIOTMYHA TpelIKa, MpU

KOSITO HECUTYpHH, CTIOMAaraTelIHu WiH crienuGuaam 3a qudy3usiTa eTHKETH Ce TPETUPAT KaTo

HUACHTUYHU CbC CTAaHAAPTHHU (l)aJIH_II/IBI/I/peaJ'IHI/I KJ'IaCI/I(bI/IKaI_II/IOHHI/I CTHUKCTH.

Tabmuma 2.6. [Ipumepn 3a KOMIakTHO OMHAPHO KapTorpadupane, 3ala3eHd B OCHOBHATA METOMOJIOTHS

HaOop ot nannu OpuruHaJIHM eTUKEeTH JABonuno
KapTorpagupane

Constraint@ AAAI2021 fake / real fake -> 1; real -> 0

ISOT Fake.csv / True.csv Fake.csv -> 1; True.csv -> 0

Hoaxy / OSoMeNet TBBpaeHHE (Claim) u mpoBepka Ha dakrure (fact-  claim->1;

checking) - 3amuicu 3a peryurBane - TBbpaeHueTo | fact checking->0
MO’KE JIa C€ TPETHPA KaTO OPUEHTHPAHO KbM
ne3nH(popMaIrs; MpoBepKaTa Ha (GaKTHUTE KaTo

KOPHUTHPAIO/HAISKIHO B IN(DY3UOHHHS aHAIIN3

2.4.3 ToxkeHu3anus ¥ MOAT0OTOBKA HAa BX0Ja HA TpaHcdopmaTropa

TokenuzanusaTa mnpeoOpazyBa MOYUCTEHHS TEKCT B TOTOB 3a MOJEN BXOJ, CBIIACHO
n30panoro cemeiictBo Transformer. BERT/mBERT, RoBERTa/XLM-R u BigBird
W3MOI3BAT PA3IMYHH MOJMTUKU 33 TOATYMH U TIOCTEIOBATEIIHOCTH; CIEIOBATEIHO U300PHT
Ha TOKEHU3ATOp C€ TPETHpa KaTo YacT OT eKCHEPUMEHTATHMS JU3aiiH, a He KaTo HeyTpaJeH
TEXHUYECKHU JeTall.

Tokenizer,, (x;) — (input_ids;, attention_mask;, ...) (2.3)

B ypaBuenue (2.3), Tokenizer,,03HauaBa TOKeHH3aTOpa, CBHP3aH ChC CEMEMCTBOTO MOJAETH
M, x;€ MOYHCTEHUAT TEKCTOB 3amuc, input_ids;e mocnemoBaTeTHOCTTa OT UACHTU(DUKATOPH
Ha moaaymu u attention_mask; Mapkupa BanmugHU BXOMHU TO3UIMH. CrenupuyHu 3a
MojieJIa TEXHUUYECKH TOIPOOHOCTH, KaTo token type ids, AMHAMUYHO JOIIBIBAHE, CIICIIAATHA

obpabotka Ha Ttokenu, [CLS], [SEP] u BapuanTu Ha OTpsi3BaHe, ca MPEMECTCHU B
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[Mpunoxenne F, 3amoro Te ca crnenuduKanud 3a HMIUIEMEHTAIMs, a HE OCHOBHU

MCTOOOJOTMYHHN apr'yMCHTH.

Transformer input preparation workflow

Clean text | —_— | Model tokenizer —_— Subword encoding Transformer input

—_ | Attention mask | —

CDI/[pra 2.2. Paboren mponec 3a TOKCHU3alus Ha TpaHC(bopMaTopa U IMOoAT0OTOBKA HAa BXOJHHUTC JaHHU 3a

MoJ€a.

Tabnmma 2.7. CtpaTerus 3a TOKSHH3ALHUS 110 CEMEHCTBO MOCTH

MopesHo cemeiictBo | OcHOBHA JIOTMKA HA TOKEHU3aTOPa H3noa3BaHe B Ta3u AucepTanus

BERT / mBERT Tokenuzanust Ha WordPiece ¢ pukcupana = OTkpuBaHe Ha (ajlIiBH HOBUHHU C
MaKCHMallHa AbJDKHHA Ha KpaTKa M cpe/iHa AbJDKHHA,
MOCIIEOBATEITHOCTTA. BKJIFOYHTETHO MHOTOC3HUYHA TIOAPBKKA.

RoBERTa/ XLM-R MonenmupaHe Ha TOQXyMH Ha HUBO OaiT Hapexmaa 00paboTka Ha TOATyMH 32
BPE wm SentencePiece B cTun IIYMEH WX MHOTOE3UYEH TEKCT.
SentencePiece.

BigBird Bxop ¢ apira mociie10BaTeIHOCT ¢ JIbaru HabOpH OT JaHHU B CTHJI CTaTHH,
pa3peneHo BHUMAHHE. kato Hanpumep FRN.

2.4.4 O0padoTKa HA LIYMHHU W He0aJIAaHCHPaHHU JaHHH

HlymbT u aucbamaHchT ce o00paboTBaT upe3 JAOKYMEHTHUPaHO (WITpUpaHe, OICHKa,

01)06paseHa C KJlaca, OIIIIMOHAaJIHa 331"}163 C TPCTEriICHOCT Ha Kjaca W KOHTPOJIUpPaHO

JOII'bJIBAHEC CaMO C O6y‘IeHI/Ie. 3ana3eHure YpaBHCHUA U Ta6J'II/II_[aTa OIPECaAcCAT KOG(I)I/II_II/IGHTa

Ha ZII/IC6aJ'IaHC U TOpCTETiICHaTa 3ary6a KaTO MECTOJOJIOTHYHH OIIIHUH, HJOKATO OCHOBHUTC

pe3ynTaTy HabJAraT Ha M3BMKBaHETO Ha (ammus kirac, makpo-F1 u ROC-AUC [100], [101].

R (D) — max(Nfake Nreal) (24)

min(ngakeNreal)

VYpaBuenue (2.4) ompenens ChbOTHOIICHHETO Ha KJIACOB IucOanaHC 3a JBOWYEH HAOOp OT
naHHU D, KBIETO Ngake U Mpea) O3HAUABAT Oposi Ha (aNIIMBUTE U pPEATHUTE IMPUMEPH.
CroitHocT, 6mu3ka 10 1, moka3Ba mpubIM3HUTENIeH 0alaHC, TOKATO MO-BHCOKUTE CTOMHOCTH
MOKa3BaT MO-CWJIeH aucOananc. ToBa ChOTHOIIEHUE OTMpEAeTs Naln TpsOBa Jla ce M3IOJI3Ba
KJIACOBO MpETEryIsiHe, KOHTPOJIUPAHO YBEIWYCHHE WIIM OIIeHKa, ChoOpazeHa ¢ aucOanaHca
[101].
Lwpce = —[w1ylog(p) + wo (1 — y)log(1 — p)] (2.9)

VYpasHaenue (2.5) naBa npeterjeHa OWHapHA 117 32 KPBCTOCAHA SHTPOTHS, KOSITO MOKE Ja Ce
W3MOJ3Ba, KOTaTO AUCOANaHChT € 3HA4YWTeNeH. Teriata w;u WyKOMIICHCUpAT Pa3jNuKUTE B
yecToTaTa Ha KJIacoBeTe, JOKAaTO P O3HayaBa IMPOTHO3UpaHATa BEPOSTHOCT 3a (ammBh
HOBUHHM. Ta3u 1eN ce TpeTupa KaTo omius 3a o0ydeHue, a He KaTo 3abJKUTENIeH H300p 3a

BCEKH HA0Op OT JIaHHH.
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Tabnmma 2.8. KommakTeH HabOp OT CTpaTeTuy 3a IIYMHH U HeOalaHCHPAaH! ABOMYHHU JaHHU 3a (haIIiBI

HOBUHH.

Crparerus H3nona3Baiite

3ary0a, mpeTereHa o Kiac Omnuwst o nozapa3zoupane, KOraTo € BUANM JHCOaaHC B KIIACOBETE.

Konrponupano yBennyaBaHe Omuust 3a ToAKpena Ha 00yYeHHETO caMo 32 YCIIOBHS C HUCKH
pecypceu.

Onenka Ha Makpo-F1 u PR-AUC Omnuun 3a OIEeHKa, KOUTO HAMAIISIBaT IPEKOMepHATa 3aBUCMOCT OT
TOYHOCTTA.

Low-resource Albanian preprocessing workflow

Raw Albanian text | —»Ofthography preservgd—» |Controlled cleaning| —» |mMBERT/XLM-R input| —» | Training support

@urypa 2.3. HuckopecypceH paboTeH nmporec 3a npegBapuTenHa 00padoTka Ha alOaHCKH (allInBY HOBUHH 32

mHoroe3nyeH Transformer BXOa

Tabnumna 2.9. IIpeau3BukaTencTBa ¥ OTTOBOPHU Ha MpeaBapuTeHaTa 00paborka Ha Compact Albanian

IIpenn3BuKaTe/CTBO IIpenopbuuTeneH 0TroBoOp Hpuunna
CrennuyHy 32 €31UKa 3HaM = 3amasere € U ¢; n30sreaiTe [MpenotBparsBa 3arybara Ha
npunyautenHo ASCII nmpeoOpasyBaHe. ajbaHCcKa MPaBOIHCHA
nHpopmanmsi.
MectHu umeHa u 3anazeTe UMeHyBaHU 00eKTH U JJokayHu | [logabpika cenuduany 3a
MTOJTUTUYECKH PEUHHUK TEPMHUHHU. JIOMelfHa CUTHAIH 32
JIOCTOBEPHOCT.

Manbk pazMep Ha HaOopa oT = M3mos3BaiTe KOHTPOJUpPAHO AombiBaHe  [logabpika oOydeHuero 6e3 aa
JaHHH CaMO B PAMKHUTC Ha 06y‘II/IT6HHI/ITe IIPOMCHSA PE3YJITATUTE OT

JaHHU. TECTOBECTEC.
2.4.5 PaboTeH npoiiec 3a npeaBapuTeana o0padoTka
3a nudy3MOHHO-OpUEHTHUPAHU 3aIMCH, MPeBapuTEIHaTa 00padoTKa € MO-MaJIKO arpecuBHa,
OTKOJIKOTO 3a TEKCTOBa KJacH(UKaIus, Thil KaTo BPEMEBHUTE MapKH, MOTPEOUTEIICKUTE
uaeHTU(UKATOPHU, TI0JIeTaTa 32 B3aMMOJICUCTBUE M KacKaJlHAaTa MPUHAIJICKHOCT TpsOBa 1a
ObJaT 3amazeHd. Pe3ynTarhT € ClON OT CHOMTHSI C KOHTPOJIMPAHO KadecTBO, KOWUTO ce
MpEBPBINAa B BXOJ 3a H3rpakKgaHeTo Ha TemmopanHa kackana, SIR/SEIZ dwutuar m

n3uncisiBane Ha ABC pascrosiHue.

Diffusion-oriented preprocessing bridge

Raw interactions | —» Quality flags - Timestamps - Cascade records | —» Section 2.6 input
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Qurypa 2.4. PaboTeH mporiec 3a npeaBapuTeIHa 00padoTKa Ha AU y3NOHHO-OpPUEHTHPAHN JaHHU IIPEIH

H3rpaxxJaaHe Ha TEMIIOpaJIHa KacKaaa

Tabmnmma 2.10. OcHOBHU LM Ha MpenBapuTeIHaTa 00padoTka Ha TU(Y3HOHHO-OPHEHTHPAHH JaHHU

Hen MeTonoJ0ru4Ha poas
3ama3BaHe Ha KacKaJHaTa I'apanTHpa, ye BCSKO CHbOMTHE OCTaBa CBEP3aHO C TBHPACHHETO HIIH
UIECHTUYHOCT HUIIKaTa 3a (haIMBA HOBUHH.

3ama3BaHe Ha HOTp@GI/ITeJII/ITe u Ilo3BoisIBa 1TO-KBCHO N3rpaXaaHe Ha HACOUCHU OTHOIICHUS U3TOYHUK-IIEII.

B3aUMOJICHCTBUATA

3ama3BaHe Ha BPEMEBU IMomasprka TEMIOPATHO MOAPEKIAHE, [new (t), Ieum (t), SIR/SEIZ puTuHr 1
OTIeYaThIN ABC u3unciisiBane Ha pa3CTOSHUE.

IpucsosiBane Ha (arose 3a Jluncamy JOKyMEHTH, JyOIMpaHH WM HECHOTBETCTBALIN 3aMUCH, 03
KauecTBO HEHATpanyuBa MPOMIHA Ha JOKA3aTeICTBATA.

Tabmuua 2.10 e 3ama3eHa, 3amoTo OMpeAeTs MUHUMAIHHS HW3XOJ, TOTOB 3a IUQY3Hd,
W3HCKBAH OT MO-KBbCHUTE €Talu Ha Mojenupane. CrnenuduuHute 3a Habopa OT JaHHU CXEMHU
3a [[I/I(l)YSI/IFI, peuiCHUATa 3a KOHTPOJI HAa Ka4Y€CTBOTO MU CBIIOCTABAHUATA HAa CHCTOAHHATA Ca
IPEMECTEHU B NMPHUJIOKEHUSATA, 32 Ja ce M30erHe MOBTAPSIHETO HAa €HAa M ChIla JOTWKa Ha
KOHBeHiepa KakTO B CEKIMMTE 3a IpeABapuUTeNHa 00padOTKa, Taka M B CEKIMUTE 3a

HU3rpax1aHc¢ Ha BpEMEBa Kackaaad.

2.5 KoncrpynpaHe Ha TeMIIOpPaJIHA KacKa/JAa U MPeKOBO NpeACTaBsAHe

Paznen 2.5 ompenenst npeoOpa3yBaHeTO OT JU(Y3MOHHHU 3allUCH KbM HACOUYEHU BPEMEBU
Kackanu. Bcesko cbOuTHe 3ama3Ba M3TOYHUK, II€JI, BPEMEBHU OTIEYAThK, TUI JIEHCTBUE,
UACHTU(DUKATOD Ha Kackaja M eTHKeT Ha TBbpAeHHeTo. ToBa mpeicTaBsHE 3ama3Ba
XpOHOJIOTUYHA HMH(OpMalMs U TO3BOJIABA M3BIMYAHETO Ha HAOIIOJaBaHUTE KPUBH Ha
pasmpocTpaHeHHe 3a MO-KbCHO EMUIEMUYHO U OaiiecoBo Moaenupane [52]-[55].

BMecto HEBpOHHM apXUTEKTypu C TeMIOpaiHU rpadu e wu3dpaHo MpencTaBsHE Ha
TEMIIOpaJHa MpeXa, ThH Karo JAMcepTalusaTa H3UCKBA WHTEpIpETHpyeMa KacKaJaHa
PEKOHCTPYKIIHS ¥ H3BOJI 32 EMUIEMUYHHU MTapaMeTpH, a He HayuYeHHU JUHAMHYHU BrPaKIaHHS
Ha BB3JIM WIM MOJENH 3a MpeAcKa3BaHe Ha Bpb3ku. Hannuuure audy3moHHO-OpUEHTHpaHU
HabOpH OT JaHHH MPEIOCTABAT B3aUMOJCHCTBHUS C BPEMEBH OTIEUYaThIM U KaCKaJHU CIIEH,
MOAXOMAINA 3a IBTHING, CIas3Balld BpPeMETO, I,.., (t) kaprorpadupane I.,,(t) Ha
cberosHusATa Ha SIR/SEIZ u u3Bon 3a ABC/ABC-SMC. HeBpoHHHTE MOJIENN € TEMIIOPATHU
rpacdu, kato TGN, TGAT, DyRep u EvolveGCN, cnenoBatenHo ce TpeTupar Kato ObAeIu
paslIMpeHus, KOUTO OMXa H3UCKBAIM TMO-00raTd JaHHM 3a TeMIOopaaHu rpadu Ha
MOTPeOUTENICKO HHUBO, CTaOWJIHM aTpuOyTH Ha BB3IU W pedpa © JOMBIHUTEITHU

KOHTPOJIUPAHU Lien 3a o0ydyenue Ha rpadu [128]-[129], [153]-[155].

ex = (Us, Ug, ty, Ak, s Vi) (2.6)
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B ypaBuenue (2.6), us03HauaBa U3TOYHHUKA WA TIPEAUIIHUS Bb3€J, U, 03HAYaBA [[CJICBHS WIN
OTroBapsIIUs Bb3elN, t;€ BPEMETO Ha CHOUTHETO, Q)€ TUIBT HAOJIOJABAHO JEHCTBHUE, C)e
UACHTH(OUKATOPHT HA KACKAIHOTO WM (DAIIIMBO HOBUHAPCKO TBBPACHHE U Vi€ HATUUHUSIT
TEXHUYECKU €THKET, KaTo Hampumep TBepaeHue, covid fake claim wnm fact checking. Tosa
NpE/CTaBsiHE MOIbPXKA CTUKETUTE Ha ChABPKAHUETO W BPEMEBHTE JOKa3aTeJCTBa

CBBbpP3aHHU, 0e3 Ja TpETHUupa BCUYKHU 3alIUCHU KATO CKBUBAJICHTHU HAa CIUACMUYHHA CHhCTOSAHUA.

Temporal cascade construction from diffusion-oriented records

Raw Standardize Groupby | 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

®durypa 2.5. PaboTreH mporiec 3a u3rpaxxaHe Ha TeMIOpaiHa Kackajaa oT Ju(y3uOHHO-OpUCHTHPAHU 3aITUCH 10

Kackaau, TOTOBU 3a MOJCIINPAHC
2.5.1 Kackagna npeaBapurteHa o0padoTka
Kackagnara npensapurenna o0paboTka rpynupa ChOUTHSATA MO TBHPACHHE WU M3TOYHUK,
¢unTpupa 3amnazeHuTe ciydad Ha (allIMBU HOBMHM U 3alasBa IoJieTaTa, HEOOXOIUMH 32
BpeMeBa peKOHCTpykuusg. CxemaTa, roroBa 3a MOJEIMpaHe, M KackaJHata JeQUHUIMS
MOJUTbPKaT BEPOSITHOCTTA HA ChABPKAHMETO CBbP3aHa C BPEMEBUTE Jl0Ka3aTeJCcTBa, Oe3 na

TPETUPAT BCCKHU 3aIMUC KATO MPAKO IICUXOJIOTHYCCKO CbCTOSTHHUC.

Ce = (Ve BT xe, Yooy (x0)) (27)
B ypaBuenue (2.7), V. MHOXECTBOTO OT MOTPEOUTENH HIIM M3XOJHH BBH3IIM, Y4acTBAIU B
KacCckKazgara, EZe MHOXECTBOTO OT HACOUYCHH BSaHMOHeﬁCTBHSI C BpEMEBHU OTIICYATBK, X.€
CBBHP3aHOTO TEKCTOBO TBHPACHHUC HJIU CTAaTHA 3a (1)aJ'II]_II/IBI/I HOBUHH, Y.€ XapMOHU3SUPAHUAT
CTUKCT Ha TBBPACHUCTO H pf(xc) € BCPOATHOCTTA 3a (I)aJ'II_HI/IBI/I HOBHHU, 6a3HpaHa Ha
Tpchq)opMaTop, H3I0JI3BAHA KAaTO CUT'HAJI 3da PUCK OT CbABPIKAHUC B IMO-IIUPOKATA paMKa.

Tabmuma 2.11. OcHOBHM €JIEMEHTH Ha IIPECTaBsIHETO Ha TEMIIOpAJIHATa Mpexa

Enement Jedpunnuus B Tazu IIpumep H3noJ3Bane B no-
JUCepPTaLUst KBbCHO MOJIeJIUpaHe

Br3en [otpebuten, myOnukanus, [otpeduTen va Twitter/X B Ornpenensi eIUHULUTE,
TBHPJCHHUE 33 H3TOYHUK, Hoaxy; TyHuT OT H3TOYHHUKA B = KOHTO MOTAT Jla CTaHAT
CTaTHs WU PEaKIHs B KacKaJa OT PETYHTORBE. MTOIATIINBH, U3JI0KEHU

Asmopegpepamu na oucepmavuu 2026 (10) 57-122



Basupano ma TparncdopmaTopy OTKpHUBaHE U aHAJN3 HA IMUIEeMUIHUSI MOJe/] Ha fTUHAMUKATA ... 84

Hacoueno pebpo

Bpemesa mapka

Termno

Kackagen

UICHTU(DHKATOD

3aBUCUMOCT OT Ha6opa oT

TaHHH.

Bpemenno noapeneno
B3aMMOJJEHCTBHE OT U3XOJIEH

BB3CJI KbM LICJICBU BB3CII.

Bpewmero, B koeTo ce cityuBa
B3aMMOJEHUCTBUETO, WU
3a0aBIHETO OT

IIbPBOHAYAIHOTO crOuTHE.

CroitHocT, U3MepBala
cHJIaTa, YecToTaTra Uin
pelIeBaHTHOCTTA Ha

B3aMMOCHCTBHETO.

Etuker, cBbp3Bal BCUYKU
CHOUTHS , MPHHAICKAIITH
KBM €JIHO U CHIIIO TBHPICHHE
3a (haIIMBY HOBUHHU HITH

HU3TOYHHK.

from_user_id ->to_user _id B

JAHHHUTE 33 PETYUTBAHE.

tweet_created_at B Twitter/X

nnu 3anucu B ctui Hoaxy.

Bpoii peryuroBe Mexay
JIBaMa IOTPEOUTEITN HITH
TIOBTAPSIIH Ce

BSaHMOHeﬁCTBHH.

W aeHTruhUKAIIMOHEH HOMED
Ha WCKa, TYUT Ha M3TOYHHKA
WJIA €TUKET Ha BLHILIECH

CJIICMCHT.

Ha PHCK,
pasnpocTpaHsBally Ce,
BBH3CTAaHOBEHU HJIH
CKENTHUYHH IIPA
enuaeMuIHa
MHTEPIIPETALHSL.
[IpencraBnsBa
BB3MOXKHU ITHTHUIA 32
npeiaBaHe Ha
nHdopmanus.
[To3BosisiBa BpemeBo
MOJpexIaHe, aHaJIU3 OT
BPEMETO JI0 MUKa U
ITBTHIIA, CIIA3BAINN
BpEMETO.

IMonxeprka nmpererieHo
IU(py3MOHHO
MOJIETIMPaHe U aHAIN3
Ha MOTPEOUTEICKOTO
BIIMSTHHE.

I'pynupa ce0uTHs 32
KacKaJlHa CTaTHCTHKA U
ABC o6o06maBamniu

byHKIMN.

Tabmuna 2.12. Yauduupana cxema, roToBa 3a MOAEIUPAHE, 3a JU(y3HOHHO-OPUEHTHPAHH 3aITUCH

Ilose

Onpenenenne

3aabJKUTETHA poJis B JuceprauuaTa

KacKaJeH HAeHTH(HUKATOD

HU3TOYHHK

e

BpeMe

TUI_JeicTBUe

WnenTuduxarop, CBbp3BaIl BCHUKH
3aMyCH, IPUHAATIESKAIIN KbM €HO U
CBHIIO TBBPAEHUE 32 (hanmmBu
HOBHMHU WU U3TOYHUK.
[TepBOHavaseH norpedurel,
W3TOYHUK HA ITyOIMKaIMs, CTaThs
WY TpeNIIEH Bb3el.

ITony4aBane, TOBTOPHO
MyONHKyBaHe, OTTOBapSHE FITH
B3aMMOJCHCTBHE C
MOTPEOUTEN/BH3EI.

Bpemea MapkupoBKka uiu

OTHOCHUTEJIIHO BPEME Ha CHOUTHETO.

HabmromaBan THII B3aHMOIEHCTBHE,

I'pynupa 3anucute npeau U3BIMYAHE HA
XapaKTEPUCTUKYU U NIOATOTOBKA 3a
SIR/SEIZ.

Onpenenﬂ Ha4daJIHaTa CTpaHa Ha HACOYCHO

TEMITOpaJIHO pedpo.

Omnpeznens akTUBHPAaHATa WM 3acerHaTara

CTpaHa Ha HACOYHO TEMITOPAIHO peGpo.

[To3BomsIBa XPOHOIOTUYHO MOAPEKAAHE U
n3rpak/aHe Ha KacKaJlH, ClIa3Balln
BPEMETO.

Hoz[m,pma HMHTEPpIIpETAllA Ha [TOKA3aTCIINn
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KaTo HaIlpumep peTyuT, OTTOBOp, 3a pas3npoCTpaHCHUEC, CKCIIO3ULUA U
IMOBTOPHA Hy6J'II/IKaI_lI/ISI, TBbPACHUC KOpEKI M.
WJIM 3aIllicC 3a IPOBCPKa Ha q)aKTI/ITe.

CTUKET Ha TIPETCHIUATA TexHN4ecKH JaHHH, KaToO HapuMep | 3ama3Ba pasTpaHHYCHUETO MEXIY PEIOBE

claim, covid_fake claim mm 3a TBBPACHUS 32 (paIIINBI HOBUHH U
fact_checking. CIIOMAaraTelTHH/KOPUTHPAIIH PEIOBE.
TEKCT WM _3arjaBue TekcToBO TBEPACHHE, 3arIaBUe HA CBBp3Ba TEMIIOpaIHAaTa KacKaJa ChC CIIOS

CTaTuATa UK OIIMCAHNUC Ha BHHIICH CbC CbABPIKAHUC, 6a314paH Ha

€JIEMEHT, KOTaTO € HATUYHO. Transformer.
2.5.2 M3rpaxnaHe Ha TeMIIOPAJIHA MpexKa
Besika mocnenoBaTeTHOCT OT ChOMTHS HA HUBO TBBPJCHHE € IpEJCTaBEHa KaTo HacO4YeHa
BpemeBa Mpeka. PeOpara crnexaBar Habm0qaeMa OCOKAa HA B3aWMOJICHCTBUC U Ca BAIMTHU
caMO KOraro BpEMEBUTE MAapKu cha3BaT XpPOHOJIOTHUYHHUA peA. ToBa mpemoTBpaTsiBa
HEBB3MOXKHHM ITBTHINA B CTaTHYeH Tpad H MOJAbpKAa aHaIM3 Ha BPEMETO 10 IIHK,

JOCTHMXKMMOCTTA U KaCKaJgHaTa I[LJ'I60‘II/IH8..

Weighted temporal-network representation of fake-news diffusion

retweet
w=2, t3

share ¥
w=3, t1 correction
/ w=1, t5
.\ reply debunk /.
w=1, t2 w=2, t6

comment

w=1, t4 »

= content spread = user amplification = correction/debunking

Ourypa 2.6. Unroctpanus Ha BB3JIH, HACOUEHH pedpa, Teria U BpeMEeBH OTIICYaTHIIN B Mpexa 3a

pasnpocTpaHeHne Ha (QaIlIiBi HOBUHU
P = [(ug,uq, t1), e, Uy Uy E) ], 6 <ty <o <t (2.8)
B ypaBuenue (2.8), P o3nauaBa b1, choOpassiBalll ce ¢ BpEMETO; 3asiBKaTa MOXKe Jia IPpeMUHe
OT €AUH HOTpe6I/ITeJ'I KBbM CJICABAIlIHUA CaMO KOTraTO BpEMCHATA Ha cpOnUTHATA CE yBEIHn4ar.

Tabnmma 2.13. CpaBHeHHE MEXAY CTATHYHHU U BPEMEBU MPEXKOBH ITPEACTABSIHUS.

AcnekT CraruyHa Mpexa Bpemenna mpeska H3Box 3a Tazu qucepranus

Wnrepnperanust =~ Pedpo chinecTByBa, ako Pebpo criecTByBa B Bpemennute MmpexH ca mno-

Ha pebpaTta B3aMMOJIEHICTBHE CE CILy4d OIIpEZIeTIeH MOMEHT HIIN TOJXOISIIIM 32 KacKaJaHa
TIOHE BEAHBK 110 BPEME Ha MHTEPBaJ OT BPEME. PEKOHCTPYKIHS U
MPO30pera 3a HaOJII0ICHNE. IU(Y3MOHHO BpEME.
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BamupHocr Ha | Bewuku cBbp3aHM IBTHIIA Camo npTHIIa, cna3Bamm | [IpenoTBpaTsiBa HEBB3MOXKHU
TS MOXE 12 M3IJIeXKIaT BATUIHH BPEMETO, Ca BATUJIHH. IBTHIA 33 TIOTOK OT
Clles arperupase. uHbopmanus.
[one3nn CreneH, TpCTOTA, Bpeme mexny crOutisita, BpemeHnnute
byHKIUH KITBCTEPH3aHs U OOLIHOCTH. BpeMe JI0 MK XapaKTePUCTUKH IOAIBPIKAT

JOCTBITHOCT, choOpazeHa = SIR/SEIZ cumynamms u ABC

C BpPEMETO. 000011IeHa CTaTHCTHKA.
OrpaHudenue I'yOu pena Ha crOuTHsTA. W3uckBa TOUHU BpeMeBH | BpeMeHHOTO MojenupaHe e

OTMETKHU M HOAPEKIAaHE H0-B3MCKATEIHO, HO MO-pea-

Ha CHOUTHSATA. JMCTHYHO 32 PasNpocTpaHe-

HHUCTO HaA q)aHI_HI/IBI/I HOBHUHH.

Sout(D) = X Xew;(t) (2.9)
KBJIETO Soy¢(i)IpeacTaBIABa IPETErIeHaTa H3X0IAIa AKTUBHOCT Ha II0TpeduTen i, a wy;(t)e
TErJIOTO Ha B3aMMOJEHCTBUETO OT IIOTPEOUTEN i KbM IIOTPEOUTEN j BBB BpeMe t. Ta3u mspka
nojmnoMara HMAEHTH(HULIUPAHETO Ha NOTPEOMTENH, KOMTO MHOIOKPATHO PpaspOCTPaHsIBAT

TBBPACHHUC 3a (baJ'II_I_II/IBa HOBHHaA 4Yp€3 Ha6J'IIO,I[aeMI/I BSaHMOﬂeﬁCTBHH.

RCC _— ECI‘OSS (2.10)

Etotal

KBACTO E poss€ OpOST Ha KackamHuTe pedpa, CBHP3BAILM pa3iMdHH OOMIHOCTH, a Eigpar€
o0muAT Opoil Ha KackagHuTe peOpa. CHOTHOLIEHMETO C€ H3IO0JI3Ba KaTo CTPYKTYpeH
WHIMKATOp 3a TOBa Jajid TBBbPACHHUETO 3a (hajllivBa HOBMHA OCTaBa JIOKAIM3UPAHO WIIHM Ce
pasnpocTpaHsBa Mexay oOImHocTuTe. LIeHTpamHOCTTa M OTKpPMBAHETO Ha OOLIHOCTH ce
TPeTHpAT KaTO YCTAHOBEHM HHCTPYMEHTU 3a MPEKOB aHalu3, JOKAaTo MOoJApoOHaTa UM
TEOpETUYHA OCHOBA € 3ala3cHa B Ipersena Ha aurteparyparta u Ilpunoxenune E [53], [58]-
[61].

2.5.3 Kackaanu xapaktepuctuku 3a SIR/SEIZ/ABC

OCHOBHMTE XapaKTEpUCTUKM Ha KacKaJaTa ca HOBU aKTHUBHU pa3lpbCKBauyM, KyMyJIaTHBHU
aKTUBHU Pa3NpbCKBAUYM, KPa€H pa3Mep Ha Kackajara, BpeMe /10 IOCTUTaHE Ha MUK, CKOPOCT
Ha pacTex U U30paHu MPEXOBU JECKPUNTOPH. Te3u XapaKTepUCTUKU CBbP3BAT OMHCATETHUS
BpPEMEBU aHalM3 ¢ 00oO0IIeHaTa CTaTUCTUKA, M3M0I3BaHa npu kanubpupane Ha SIR/SEIZ u
ABC/ABC-SMC wu3Bo.

JIBeTe IEHTpaTHH MEPKH 3a BpeMeBa akTHBAIMA Ca Ijew (0¥ Ioym(t). hew(t)e OposT Ha
HOBHMTE YHUKAJHHM aKTUBHU Pa3lpOCTPAHUTENU, HAOII0aBaHU B JaJ€H BPEMEBH MPO30pell,
nokaro I.ym(t) € KyMmynaTuBHHAT Opoi YHHKalHH aKTUBHH  Pa3lpPOCTPAHHUTEIH,
Ha0Jt0/laBaHU 10 TO3M MOMEHT. Te3u 1Be BeNWYUMHH (OpMHUpAT AUPEKTHUS MOCT MEXKITY
U3rpaKJaHETO HAa BpEMEBA MpeXka M HAlaCBaHETO Ha ENUAEMUYHHS Mozen. To3u MocT e

BakeH, 3amoTo ABC u ABC-SMC mno-KbCHO CpaBHSIBAT CHMYJHUPAHUTE U HAOJIO1aBaHUTE
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KPHBH Ha pa3NpocTpaHeHHe 4pe3 0000IIeHa CTaTHCTHKA, a HE YPe3 BEPOSTHOCT B 3aTBOPEHA

dbopwma [76], [106].

Tabnmna 2.14. Kackagau XxapakTepHCTHKH 3a m3BiIndaHe Ha 00o0menue Ha SIR/SEIZ/ABC

DyHKUIUA

P a3sMCp Ha KacKkajgaTta

Inew (t)

Icum (t)

Bpewme 3a nocrurane
Ha MUK

Bpeme mexny
CHOUTHATA

OO0xBat 1 mWUpoTa

IIperernena

n3xogdmma akTuBHOCT

Omnpenenenne
006111 Opo¥t yJ4acTBAIIU BH3JIN WU

YHUKAJIHA aKTUBHU PA3NPOCTPAHUTECIIN.

Bpoil HOBOAKTBHYU YHUKAJIHU
Pa3NpOCTPaHUTENN BB BPEMEBHS
npo3oper t.

KymynatrBen 6poli yHUKaIHN aKTUBHA

Pa3mIpOCTPaHUTENN 10 MOMEHTA t.

Bpeme mexay ctapTa Ha Kackajara u
MakcuMyMa ey (1).

Bpemesu mpomyckn Mexy
MIOCJIC/IOBATEITHA CHOUTHS B KacKagara.
Bpoii noTpebuteny wim KIOHOBE,
JIOCTUTHATH OT KacKajara.

BpemeHnHa cyma Ha Teryiata Ha

M3XOIIIUTE pedpa 3a BCEKU MOTPEeOUTE.

N3nonassaiite B SIR/SEIZ/ABC
W3non3Ba ce 3a cpaBHsABaHE HAa KpaWHUs
pa3Mmep Ha enuaeMHsTa | ocjeasaiara
MIPOTHO3HA caTypalusl.

HN3nomn3Ba ce kaTo HaOIIO1aBaHO
YBEIMYCHUE HAa BPEMETO Ha 3apa3siBaHe
3a IMHaMHUKaTa Ha TUQY3HsL.

N3nomn3Ba ce KaTo OCHOBHA
KyMyJIaTHBHA KPHBA 32 MOJEIHNPAHE U
MIPOTHO3HUpPAHE.

[Toanbprka 0600IIEHa CTATUCTHKA TIO
ABC u cpaBHEHHE Ha BPEMETO.

OmnwcBa cykBaHe U 3a0aBEHO
AKTHBHPAHE.

IMonbprka onucaTeTHO CpaBHEHHUE U
nocjeBaIla IporHo3Ha IpoBepKa.
WnenTndunmpa BIUSATEIHHI

Pa3npOCTPAHUTENN U BH3MOXKHU

peneiHn Xb00Be.

CpoTHOMEHUe Mexxay | [su1 Ha pebpara, npecnyary rpaHunure Ha = O6001MmaBa CTPyKTypHOTO

0OIIHOCTHTE oOIHoCTTA. Ppas3npoCTpaHeHNE OTBB

II’bpBOHAYAIHATa O6H.[HOCT.
G =V, ED) (2.11)

B ypasuenue (2.11), GI o3nauaBa HacodyeHaTa BpeMeBa KacKajHa MpeXka, CBbp3aHa C
TBBpJCHHE 3a (DANIIUBA HOBHHH €. MHOXECTBOTO V,ChIbpiKa MOTPEOUTENUTE, M3XOMHHUTE
aKayHTH WM U3XOJHUTE OOEKTH, KOUTO C€ MOSBABAT KaTO BH3JIM B KacKajara. MHOXKECTBOTO
Elcbabpika HacoueHHTE B3aMMOJICHCTBHS C BPEMEBH OTIEYATHK, HAOIIONABAHM 33 CHILOTO
TBBpJIEHNE, KBIETO peOpo Moxe 1a Obae 3ammcaHo kato (u_i, u_j, t, w;;(t)), 3a 1a ce mocoun
B3aMMOJIeiiCTBIE OT BB3eT U_i KbM BBE3€N U_j BBEB BpPeMe t C ONIHOHATHO Termao w;;(t).
TCopuust nageke T mokassa, 4e HAGOPHT OT pedpa € WHIEKCHPaH 0 BpEME M TOJIPEIEH M0
BpeMe; HE ce M3MO0JI3Ba KaTO TPAaHCIOHWpaHA Marpuia. Ta3u (GopMyIHPOBKa MPETOCTaBs
(dopMmanHus 00EKT, OT KOMTO ce M3BIMYAT Ipeyw (t), Icum (t), XapakTepUCTHKM Ha KacKaJHO
uuBo u SIR/SEIZ Bxomose [52]-[55], [76].

IMoapeneHnTe aKTUBAIMK Ha IEIEBUTE MOTpeOuTENH reHepupar Inew (01 Ioym (t), moxaTo
MPEXKOBH CBOMCTBA, KAaTO HAMpUMEp IMpPETErjeHa HM3XOMAlla aKTHBHOCT M TpEeCHYaHe Ha

0OIIIHOCTTA, MPEIOCTABAT ONMIIMOHATHU CTPYKTYpHHU 00001eHus. Ha To3u eTan peryurosere,
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OTTOBOPHUTE, IOBTOPHUTE NYyONHMKAIMM W 3allMCUTE 3a MpoBepka Ha (QakTUTe HE ce
MHTEPIPETHPAT KATO JUPEKTHU HAOJIOACHHS Ha JaTeHTHU yOexxneHus. Te ca HabmromaeMu
3aMECTUTENIH, KOUTO MOAKPEIIST MOJICIUPAHETO HA JOMYCKAHUS U MOCIEABAIIIOTO CPABHEHUE.
Merononornunara rpanuna Ha Paszmen 2.5 e ymummieHo TscHa. Jlucepramusita He
UMIUIEMEHTHpA MOJICIM Ha TeMIIOpallHa Mpeka, 3aBUCHUMH OT TaMeTTa, Karo eMIUPUYHU
KOMITOHEHTH. BMecTo TOBa, TS HM3I0/I3Ba HACOUYCHHM TEMITOPAJIHU KAacKaJH, 3alloTO TE Ce
MOAAbPAKAT OT 3aMa3eHUuTe Ha0OpHU OT JAHHU U CE€ CBBP3BAT JAUPEKTHO C EKCIEPUMEHTATHUS
KOHBelep: BHM3yaau3anusi Ha TemropaiHa Mpeka, Inew(t), Ieum(t), SIR/SEIZ ¢wutuHr,
ABC/ABC-SMC mocrrepruopHa uHpEpEHIHS W KPaTKOXOPHU3OHTAIHA MPOTHO3HA OICHKA.
[To-cnoxuuTe mnOAXOAW, Oa3upaHW Ha WbTHA TAMET, OCTaBaT BB3MOXHU OBICIIH

pa3IIupeHus, a He HEBAJIMIMPaHU KOMIIOHEHTH Ha BHeJIpeHara Metoaoorus [52], [76].

2.6 SIR/SEI1Z, ABC/ABC-SMC 1 MeT0/10JI0THsI 32 MOCJIeIBAIIO0 MPOTrHO3UPaHe

Pazpnen 2.6 onpexnens sapoTo Ha MoJenupaneTo B nuceprauusara. SIR npenocrass npo3pauna
6a3zoBa imHus, SEIZ monenupa excno3unusara u ckentunusma, ABC oleHsiBa HECUTYpPHOCTTA
6e3 wu3puyHa BepostHocT, a ABC-SMC mporpecuBHO T10a00psiBa MoOcienBaiaTa
koHneHTpanus. Cnex ToBa ot kaymbOpupanus SEIZ ciioii ce m3BIuYaT mocieBaIiy MporHo3u

" CICHApHH 3a UHTCPBCHII M.

ABC calibration workflow

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

@urypa 2.7. ABC paboreH npotiec 3a kanmibpupaHe Ha MapaMeTpUTe Ha eNUAEMHATa OT (aJIIIMBH HOBUHH OT
BPEMEBHU KaCKaau
2.6.1 bazos monea Ha SIR
SIR kapTorpadupa pa3npocTpaHeHUETO Ha (allliiBU HOBUHU KaTO MOAATIMBU NOTPEOUTENH,
aKTUBHU Pa3NpPOCTPAHUTENTN W BH3CTAHOBUIIM C€ WJIM HEaKTUBHU MoTpedutenu. Toil ce
3ama3Ba, 3al[0TO € HHTEPIPETUPYEM U TIPEIOCTaBsA 0a30Ba TPACKTOPHS, CIIPSIMO KOSITO MOXKE

na ce ouend mo-oorarust SEIZ mozern.
Osir = (8,7, 1o) (2.12)

2.6.2 SEIZ ocHoBen nudy3nonen moaeJa

SEIZ e ocHOBHUST nu(y3MOHEH MOJEN, 3all0TO BKIIOYBA €KCIIOHUPAHU U CKENTUYHH WU
HEpa3MpOCTPaHABAIIM CE ChCTOSHUSA. Te3u ChCTOSHUS Ca JJATEHTHU MOJIEIIMPAIN MOKa3aTeIN
3a 3a0aBeHO MpHeMaHe, KoieOaHue, KOPEKIUs U JIUICca HA aHTQXHPAHOCT, a HE JUPEKTHU

W3MEpBaHUs Ha TIOTPEOUTEIICKOTO JIOBEPHE.
HSEIZ = (,8' b'p' l,p, &Y S'SO'EO'IO'ZO) (213)
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VpaBuenus (2.12) u (2.13) nepunupar Bexkropute Ha mapamerpure SIR u SEIZ; SEIZ

pasmupsBa SIR ¢ TEPMHHU 3a CKCIIO3ULIUSA, CKCIITUIIU3bM, KOPEKIHUA U HAYAJIHO CbCTOSHHUC.

2.6.3 ABC u3Bog
Hexka D,,s03HauaBa HaOIr0aBaHaTa Kackaaa ot (aaimmBy HOBHHH, a 0 03HauaBa BEeKTOpa HA
napaMeTpuTe Ha enujaeMusta. B crangapthHa OaiiecoBa (QOpMyIHMpOBKA, aloOCTEPUOPHOTO
pasmpeneneHre € MPOMOPIHUOHAIHO Ha MPOU3BEACHUETO HA BEPOSTHOCTTA W AlPUOPHOTO
pasmpenesieHue:
p(6 | Dops) % p(Dops | 0)p(0) (2.14)

Tpynnoctra B ypaBHeHue (2.14) e unenbT Ha BepoaTHOCTTa p( Dyps| 0). 3a xackama ot
¢anmmuBM HOBMHM, TO3M WIEH OM W3MCKBAJI BEPOSATHOCTTa Ha HaOIJIOJaBaHaTa
MOCNIEOBATEIHOCT OT MOTPEOUTENCKUM AaKTUBAllMM, BpEMEHaTa MEXIy ChOuTHATa,
MMOBTOPHUTE ITYOJUKAIIMH, KOPEKIIUUTE ¥ CKPUTUTE HEOTrOBOPH. Thil KaTO TE3U CIEMEHTH HE
ca HaIbJIHO HAOJIO/IaBaHU U HE Ca JIECHO MPEICTaBEeHHU Ype3 3aTBOPEH BEPOSTHOCTEH MOJEIL,
ABC 3amecTBa OIleHKaTa Ha BEPOSITHOCTTa ChC CHUMYJAIMs U 00001aBanio-CTaTUCTHIECKO
cpasuenue [19], [23]-[26].

pABC(H | Dobs) X p(e)f 1{.0(Ssim' Sobs) < g}p(Dsim | 9) stim (2-15)
B ypasuenue (2.15), D€ cumynupana kackaaa, renepupana ot cumynaropa SIR umu SEIZ,
S(D) e BekTOp OT 000OIIECHN CTATUCTUKH, p € (PYHKIMS HAa PAa3CTOSIHUETO, a € € MparbT Ha
tonepanTHocT ABC. Cumynupana CcTOHHOCT Ha TMapaMmerbpa ce€ MpuemMa, Korato
Pa3CTOSIHUETO MEXAY CHMYJIHMPAHUTE W HAOIIOAaBaHUTE O0OOIIEHUS € JOCTAThYHO MAJIKO.
[Ipuerure cTOHOCTH HA MapaMETPUTE AMPOKCUMHUPAT ArlOCTEPUOPHOTO pas3MpesesieHue Mo
nmapaMeTpy Ha CMUIEMHATa, KOSTO MOXKE Ja BB3MPOW3BENC HAOIIOJAaBaHHUS MOJET Ha
pasnpocTpaHeHne Ha GanliBU HOBHHH.

Tabmuna 2.15. Kanaunatcku anpuopHu pasnpenenenus 3a ABC-6a3upano u3BexaaHe Ha TapaMeTpuTe Ha

cnyacMusaTa oT (I)aJ'IH.H/IBI/I HOBHUHHA

IMapamersp Mopean Hpeguimen HuTepnperanus npu pasnpocTpaHeHUETo HA
npumMep (anmmuey HOBUHH
B SIR/SEIZ Uniform(0.01, 0.80) = ba3oBa ckopocT, ¢ KOSTO aKTUBHHUTE

Pas3mpOCTPAHUTEIH BIMSISAT HA MOAATIHBATE

MOTPEOUTEIH.

Y SIR/SEIZ Uniform(0.01, 0.50) | CkopocT, ¢ KOATO pa3lpOCTPaHUTEIUTE CIIUPAT
Jia CIIOJICNIAT, 3a0paBsIT ChIbPIKAHUETO WU IYOAT
UHTEpeC.

€ SEIZ Uniform(0.01, 0.50) = CkopocT, ¢ KOSITO U3JI0KEHHUTE HA PUCK
MOTPEOUTENN CTaBaT AKTUBHH
PasIpPOCTPAHUTEIH.

p SEIZ Beta(2, 2) BeposTHOCT 3a He3a0aBHO CITOEIISTHE CIIC]T
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KOHTAKT C aKTHBEH Pa3MpOCTPaHUTEN.

I SEIZ Beta(2, 2) BeposITHOCT 32 CKENTHYHO OTHOLICHUE WU
HEPA3MPOCTPAHEHUE CIICH CKCIIO3ULINSL.

d SEIZ-modified Uniform(0.00, 0.30) | IIpoueHT Ha KOPEKLIUH KT OTIPOBEPIKCHUSL,
OPUYHUHEHH OT IPEAYNPEIKIACHHS, IPOBEPKH Ha
(axTHTEe I KOHTPanHPOPMALIHS.

p SElzZ Uniform(0.00, 0.60) = KoedwurmeHT Ha B3aUMOICHCTBHE MEXIY

H3JIOKCHUTC Ha PUCK U 3apa3CHUTEC HOTpe6I/ITeJ'II/I.
ABC undepennusaTa B3emMa mpodbu OT KaHAUIAT MapaMeTpH, CUMYIUpa Kackaad U IprueMa
CTOMHOCTH Ha MapaMeTpuTe, KOUTO BH3MPOU3BEKIAT HAOI0IaBaHUTE KacKaJHU 000OIIeHHS
B paMKWUTe Ha TosiepaHc. ToBa Mo3BoisiBa Ha AMCEpTalMsATa Ja OLEHU IPaBIONOJ00HUTE
o0jacTi Ha TpelnaBaHe, BH3CTAHOBSABAHE, EKCIO3MIMS W CKENTHUIM3bM, KOTraTo TOYHATa
BEPOSATHOCT 3a Kackajaara He ¢ HanuvHa [19]-[25].
S(D) = [CTf tpeaks Tmaxs de, be, Tmean ﬁf] (2.16)
B ypaBnenue (2.16), Cre KpaeH pasmep Ha KackanaTa, tpeak€ BPEME 0 JOCTHIAHE HA TIHK,
Tmax € MaKCHMallHaTa CKOpPOCT Ha paslpocTpaHeHue, d.e AbIO0OYMHA Ha Kackajaara, b.e
IIMPUHA HA KAcKalara, Tmean € CPEOHOTO BPEME MEXIYy ChOUTHATA U Py € CpeaHara
BEPOSITHOCT 3a (haImmBu HOBUHH, MoiTydeHa ot Transformer, 3a TBbPACHUETO WIIM KACKaIHUS
eneMeHT. PazcTosHHeTo Mexy HaOIo/laBaHUTE U CUMYJIMpaHUTE 000OIIeHUs ce u3pas3siBa
Karo:
P(Sobs) Ssim) = T Wi S — SF™| (2.17)
Ternata wyB ypaBHeHue (2.17) onpenensT Ba)KHOCTTa Ha BCsKa 0000IIeHa CTaTUCTUKA. AKO
KpalHUAT pa3Mep Ha KackaJara € OCHOBHATa 1ell, C7Ts MoJlydaBa Mo-TojsiMa TeXecT. AKO €
MO-BAKHO MOBEJICHUETO 3a PAHHO MPEAYIPEKICHUE LpeakH TimaxMOKE JIa CE MOTUEPTAE, TO €
no-BakHo. B I'maBa 3 Te3n 000OIIEHM CTATMCTUKU MOJKPENAT IMOCie/Balla Kaauopamus,
MocJieiBaiia MpPOTrHO3HA CUMYJAIUs W KPAaTKOCPOYHO TPOTHO3UPAHE H3BBH HU3BAJKATA.
[IbnHaTa Tabnuna ¢ 0000IIEeHN CTAaTUCTHKH 3a KaHAMJATH € mpenocraBeHa B [Ipunoxenue
r.3.
pr(x) = P(y; = fake | x;) (2.18)
B ypaBuenue (2.18), py(x;) o3HauaBa BEPOATHOCTTA, 3ajajeHa OT JeTeKTopa Ha
TpaHcdopmaropa, 4e TEKCTOBUAT EJIEMEHT X; NMPHHAUIeKH KbM Kiaca Ha (allIMBUTE
HOBUHM. Pe3ynTarbT He ce H3MOJ3Ba KAaro KOMIIOHEHT Ha aHcaMObjla U He 3aMecTBa
MOJICIMPAHETO Ha BpeMeBaTa nudy3us. BmecTo ToBa, TON mpenocTaBs KaIMOpUpaH CUTHAI
3a ChAbP)KAaHUE-PUCK, KOHTO MOXKE€ Ja MOJyJupa HaISIraHeTOo Ha paslpoCTpaHEeHUE,

MIPUCBOCHO Ha HAOJI01aBaHO BPEMEBO B3aUMOJICHCTBUE.

Bij(®) = Bowi; (O [1+ Aps(x)] [1 + ¢ (2.19)
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B ypaBuenue (2.19), edpexruBHaTa CKOpOCT Ha MpenaBaHE Ce KOPUTUpPa 4pe3 TErJIoTO Ha
peOpoTO, BEpOATHOCTTa 3a (alIIMBM HOBHMHM OT TpaHcopMaTopa M BIMSHUETO Ha

JIOKAaJIHaTa MpCiKa.

2.6.4 ABC-SMC u3Bon

ABC-SMC mnonobpsia orxbpisiHeTo ABC  upe3 wu3mon3BaHe Ha MOCIEIOBATEIHU
HOIyJIAIMK OT YaCTUIM M HaMaJIiBaHE HA TOJepaHCUTe. MeTOIbT € MOAXOAA1 32 KACKaaH OT
¢anmuBy HOBUHH, 3aIOTO KOHIIGHTPHUpA armocTepHOpHaTa Maca OKOJIO HapaMeTpHUYHU
o0y1acTH, KOMTO I0-100pe BB3NPOM3BEXKIAT HAOIIOAABaHUS BPEMEBH pacTeX, KaTo

CbIICBPEMCHHO OTYHUTAT HCCUT'YPHOCTTA.

ABC-SMC workflow for posterior refinement

Initial Tolerance Simulate Weight + Tolerance Refined
particles e SIR & SEIZ resample £2...G posterior

@urypa 2.8. Padoren mporiec ABC-SMC 3a cpasrsiBane Ha SIR 1 SEIZ BppXy BpeMeBHU Kackaau OT (paimnuBu

HOBHHHN
M = {SIR, SEIZ} (2.20)
VYpaBuenue (2.20) ompexnens nBata KaHIUAAT-Mojena 3a IuQy3us, CPaBHEHU NPH €THH U
ChIIM Ha0JI0JaBaHU KaCKaJHU JaHHU.
Papc(M | Dops) &< P(M)Pppc(Dobs | M) (2.21)
VYpauenue (2.21) He ce HHTEpIIPETUPA KATO JI0KA3ATEICTBO, Y€ €AMH MOJIEN € YHUBEPCATHO
IpeBB3X0JeH. BMecTo ToBa, qucepranusaTa oneHsBa nanu crpykrypata SEIZ ocurypsisa no-
100po OoCTGEpHOPHO TPEICcKa3Ballo KATMOpUpaHe 32 EeMITUPUYHUTE KACKaJId OT (PaslliiBH
HOBMHH, pasrienanu B I'nasa 3. [Ipuetute paszcTosHus, NocTGepruopHUTE pasnpeaeIeHus Ha
napaMeTpuTe U MOCT(HEepHOpPHUTE MpEICKa3Balll KPHBH CE W3IIOJ3BAT 3a CPaBHABAaHE Ha
npakTraeckoTo kamubpupane Ha SIR u SEIZ npu ennu u cbim HaGmOmaBaHu Iy, ()1

I.um (t) TpaexTopum.

2.6.5 TlocTepropHO MpeICKa3BaLI0 CHMY/IHPaHe U POrHO3MPaHe

[TocTepropHaTa MPOTHO3HA CUMYJIAIUAS Pa3POCTPaHsIBa MPUETHTE TTApaMEeTPU HAMPEI, 3a Aa
OLICHM KACKaJHUS pacTeX B KpPAaTKOCPOUEH IUIaH. Pe3ynrarbT He € JAeTepMUHHCTHYHA
MIPOrHO3a, @ MHTEPBAJIHO MpPEJICTaBsHE HA MPaBIONOJ00HOTO OBACIIO Pa3NpPOCTPaHEHHUE NPU

HAaCTPOCHUTEC JOMMYCKaHHA Ha MOJICJIa.

Dﬁﬁ’éﬂre ~ M(B(m)), 8™ ~ papc(8 | Dops) (2.22)
B ypasuenne (2.22) BcAka ObJeIa TPAaeKTOPHS Ce TEHepHpa upe3 HadepTaBaHE Ha TPHET
BEKTOP Ha allOCTEPHMOPHU MApaMETPU M CUMYJIMpaHe Ha JU(y3MOHHHS MOJE] Hampes mpes

IMPOTHO3HHUA XOPHU30HT.
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Qurypa 2.13. ABC xammbpupane Ha Kackazia OT (GaJlIiBA HOBUHH, U3MOI3BANKH H3X0IM Ha TpaHCPOpMAaTOp

000011IeHNs Ha TEMITOpalTHa MPexXa.
Bintervention = aﬁ.B' 0< ag < 1 Ointervention = @56, as>1 (2.23)
VpaBuenue (2.23) npencrapiisgBa ClIEHAPUU HA UHTEPBEHIIMS: HAMAJISIBAHETO Ha BUIUMOCTTA

IIOHM)KXaBa 6eTa, AO0KaTOo IMO-CUJIHOTO pa3BCHYABaHEC WJIM KOPEKIUA YBEINYaBa ACIITa.

2.6.6 ba3oB ¢yHKIMOHAJIEH PUCK OT pa3npocTpaHeHue HA (aJIIMBH HOBUHHU B 32]{HA JUHUS
bazoBusT ¢pyHkiroHan 3a q1u¢py3NOHHO-PUCKOB PUCK KOMOMHUPA BEPOSTHOCTTA 32 (paNIBU
HOBUHM OT THNa Transformer, ammupukanusTa Ha TEMIOpaHATA MPEXa U allOCTEPUOPHUS
nporuo3eH pactexxk Ha ABC-SMC-SEIZ. llenra My € CHHTE3 U OIUTHUPYEMOCT: TOU IMpaBH
BpBb3KaTa MEXIy pUCKa OT ChbIbp)KaHHE, KAaCKaJHATa aKTUBHOCT M OYAKBAHOTO OBJEIIO
pa3npoCTpaHEHUE U3PUYHA.

3a TBBpiAEHME 3a (allIMBa HOBMHA C, TEKCTOB BXOJ X., HaOmrojaBaHa Kackama SOPS,
XOpPU30HT Ha MporHo3upaHe h u pasmep Ha HabmonaBaHaTa KackaaHa nomynauus N,

0a30BUSAT PUCK CE OTPENENs KaTo:

Rbase(c, h) = P (x-)[1+ AAc(t)]IEBWIEMC [AICU%

“”“9)] (2.24)

B ypasnenue (2.24), ps( x.) e Gasupana Ha TpaHC()OPMATOp BEPOATHOCT TEKCTOBMSAT
eIEMEHT Ja ¢ TBbpJAcHHMEe 3a (aiiMBa HOBHHA WM cTaThs ¢ QammuBa HoBuHA. A.(t)e
pe3yATaThT OT TEMIOPATHO-MpPEXKOBaTa AaMIUTH(HKAIHA, HW3YHCICH OT HaOoJaBaHaTa
Kackaja, A KOHTPOJIMpA BIMSHHETO HA TO3M WICH Ha aMrumndukanus, oMo(0 | SOPS) e ABC-

SMC anocrepuopHoto pasnpeneienie Ha SEIZ mnapamerpure, ISEZ (t+ h;0) e

TIPOTHO3UPAHUAT KYMYJIaTHBEH OPOH aKTUBHU PaslpOCTpaHuTeNH B XOopu3oHT h, 1953 .(t)e

HaOJI0/1IaBaHUAT KyMyJaTUBEH Opoil aKTHUBHM pasNpOCTpaHUTENN OO0 BpemMero t u
N, HopManu3upa pe3yniraTa CHoOpea pa3Mepa Ha HaOdroJaBaHaTa KacKaJHa IOMyJarfusl.
CrnenoBarenHo (yHKIMOHATBT HM3MEpBa OYAKBAHUS HOPMAJIM3UpaH ObJIEN] KyMyJIaTUBEH
pacTexx npu 6a3oBara arocTEpUOPHA JIMHUS, MalllabUpaH CHOpe] pUcKa 3a ChABP)KAHUETO U
MpeKoBaTa aMILTH(DUKAIIHSL.
Ac(t) = wilnewe(t) + wHE™ (1) + w3B ™ (1), w1+ w,+wz=1 (2.25)

B ypaBuenue (2.25), I ew,c " norm(t) € HOpMaIU3UPAHHUIT OpO HOBH YHHUKAIIHU AKTHBHU
Pa3MpOCTpaHUTENN B TEKYIIHs BpeMeBH mposoper, HZ "™ (t)e HOpMamu3upaH pe3yaTar 3a
aKTUBHOCT Ha Xb0a u BF°™™(t)e HOpManmM3MpaH pe3yirTar 3a aKTUBHOCT, Oa3HpaH Ha pelne
WK TiocpeqHndecTBo. Koraro ce n3nckBa MUHHUMAIICH ONEpaTUBeH pe3yinrar, A, (t)mMoxe 1a
Ce ampoKCHMHPa, KaToO Ce M3MOJI3Ba CaMO HOPMATHM3UPAHUSAT Iy, (t)curnan. ToBa momabspxa
(GyHKIHOHAA CHBMECTUM C eMIUpUYHHUTE Kackaan B ['maBa 3, KBAETO Inew (t), Ieum(t),

M3XOJHUTE XHOOBE U MOTPEOUTETUTE HA pelieTa ca HalmonaeMuTe AU y3HOHHU U3XOIH.
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Axo ABC-SMC Bwpre M anoctepuopau yvactuiy {( ,,, wy,)} 3a m = 1...,M, ypaBHeHHE

(2.24) moxe na 6bae OlleHEeHO BBB (popMa Ha 4aCcTUIIU KATo:
3 A Alcym,c(6,h;0m)
Roase(6, 1) = Br(x L + AAc(D)] B Wiy | Fotme ] (2.26)

VYpasaenue (2.26) onensiBa pyHknronana Ha pucka ¢ ABC-SMC gactuiu upe3 ocpeHsiBaHe

Ha IMpOrHo3rupaHus pacTeK B IIOCICABAIIN HpO6I/I U TEXHUTEC TCIJIA.

2.6.7 UnTerpanus ¢ paMkara

HNuTterpanusita Ha paMKaTa CBbpP3Ba YETUPHUTE CJIOS B €IMH BB3MPOU3BOIMM KOHBeMep. CraosT
3a  ChABpPKAHHE UACHTH(PHUIMPA TIOJO3PUTEITHH TBBPACHUSA, TEMIIOPAIHUAT  CJION
pEeKOHCTpyHpa HaONIOJaBaHMUS TPOLEC Ha Ppa3NpOCTpaHEHHE, CMHIEMUYHHSIT CJION
WHTEPIPETHPA TPEXOTUTE HA CHCTOSHHSTA, a OAHCCOBHAT CIIOH KOJUYECTBEHO OMPEICis

HCOIIPCACICHOCTTA Ha IIapaMCTPUTE U pUCKaA OT ITOCJIICABAIIO ITPOTHO3UPAHEC.

”Isim (t)_lobs (t) ”2

dp, (Iobs:lsim) = Iops (O, (2.27)

2
RMSE = |27 (i (8) = Los () (2.28)
MAE = 2371 lsim () = lops(0)] (229)
nRMSE = —or (2.30)

Iobs(T)
VpaBuenus (2.27)-(2.30) ompenensT MEpPKUTE 3a TpEIIKa, M3MOJI3BaHU 3a CpPaBHSBaHE Ha
Ha0II0/1aBaHUTE ¥ CUMYJIMPAHUTE KPUBH HA PA3MPOCTPaHEHUE: OTHOCUTEIHO pa3cTosiHue L2,
RMSE, MAE u nopmanuzupana RMSE.

2.7 'paHuIM HA PUTOIHOCT, €THKA U BH3MPOU3BOAUMOCT Ha HA0OpPa OT JaHHH

Pa3znen 2.7 onpenens rpaHuLIMTE HA BaIMIHOCT Ha pamkara. [IpurogHoctra Ha HabopuTe OT
JaHHU C€ OILICHsBAa OTAENIHO 32 3aJa4d 3a OTKPUBAHE M Pa3lpOCTPAHEHHUE, TOKATO €THUYHATA
00pa0boTKa N3MCKBAa aHOHMMMU3AIMsl, CbOTBETCTBUE C NOJUTHKATA Ha Iulatdopmara, Jurca Ha
3aKJIIOYEHHUS 32 JIMYHU YOSXKICHUS U SICHO Pa3TpaHUUYEeHUE MEXI1y eMIIMPUYHO HAOII0IeHHE U

KOHTpadaKTyalHa CUMYJIALUsl.

2.7.1 HaGop oT 1aHHHU, OAXOASII 32 OTKPHBaHEe HA (haJIIMBHA HOBUHH Ype3 TpaHchopMaTopu
HaGopbT OT nmaHHWM € MOAXomsn] 3a OTKpHBaHE Ha TpaHC(HOpPMATOpPH, KOTATO CHAbPXKA
HaJeXKJIHU E€TUKETH, H3IMO0JI3BaeM TEKCT, aJICKBaTHO IMPEACTaBSIHE Ha KJIACOBETE W
JOKYMEHTUpaHU pazneisHus. OneHkata 3a IPUTOJHOCT C€ M3I0JI3Ba KAaTo IMpo3payHa
pyOprKa, a He KaTo 3aMEeCTUTEN Ha eKCIIepTHATa OICHKA.

3a cHCTeMaTHYHO CpPaBHEHHE, MPUTOJHOCTTA Ha Oa3WpaH Ha ChIbpP)KaHHE HAOOP OT JIaHHU
D;3a oTkpuBaHe Ha TpaHCPOPMATOPH MOXKE J1a CE U3pa3H KaueCTBEHO KaTo:

ST(Di) = WLLi + WTTi + WBBi + WQQl + WNNi (231)
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B ypasuenue (2.31), S;(D;)o3HauaBa npurogHocTTa Ha Habopa OT JAHHM 33 OTKPHBaHE Ha

tpancpopmatop D;. TepMuHBT L;ipencTaBisiBa HaAEKIHOCT Ha €TUKETa, T; MpeACTaBIsiBa

HaJIMYHOCT Ha TCKCT U IIPUI'OAHOCT HA AbJDKWHATA HAa NOKYMCHTA, Bine,Z[CTaBJ'IHBa OanaHc Ha

JABOWYHHUA KJ1acC, QineI[CTaBJIHBa Ka4€CTBO Ha TEKCTa CJICH IMPEABApUTCIIHA 06pa60TKa n

N; npencrasiiiBa NPUTOJHOCT HA €3MKa WM JoMeliHa. Termata wy , Wy, Wg U Wy ca

Ka4eCTBCHHU TCrJIa, ,Z[e(bI/IHI/IpaHI/I OT HU3CJICO0BaTeCiA. HBpaBLT HE CC€ HU3II0JI3Ba KaTo CTpora

YHCIIeHA OLEHKA; TOM (hopMann3upa KpUTEPUHTE, U3IOJI3BAHU TIPU ONpeAesTiHe KO Habopu

OT JIaHHHM TPsA0BA J1a OCTaHAT B OIIEPATHBHHUSA CIIOH, Oa3UpaH Ha ChIbPKAHKUE Wy

Tabmnuna 2.16. Kpaitnu Habopu oT naHHH, 6a3upaHu Ha ChABPIKAHUE, 3ala3eHH 3a OTKpUBaHe upe3 Transformer

Ha0op ot nannu

Constraint@ AAAI2021

FRN

ISOT

CoAID

Albanian Fake News
Corpus

" KJIaCUYCCKO MAallIMHHO 06yquI/Ie.

OcHoBHA poJisi B
OTKPUBAHETO
Pasno3naBane Ha
(haNIIMBH/ UCTHHCKA
KPATKH TEKCTOBH
CHOOIIEHHsI, CBbP3aHH C
COVID.

Pasno3naBane Ha
(anmuBH/ UCTHHCKH

CTaTHH C Abira popma.

Tlonsim 6enumapk 3a
CpaBHEHHE Ha
(anmMBH/ NCTUHCKH
CTaTHH Ha aHTJIMHCKA
€3HK.

OTkpuBaHe Ha
ne3uH(popMaIus B

31paBCOITIa3BAHETO.

PazkpuBaHe Ha pamunuBu
HOBUHHM B Ajn0OaHus ¢

HHUCKH PECYpPCH.

IIpuunna 3a 3agbpxaHe

Ilonnbprka kpaTka
KiIacuukanus Ha
Ne3uH(POPMAITUAITA B CTHII
COLIMAJTHU METHH TIPH
YCIIOBHS Ha MAHAEMUYHA
nHpopmanus [30].
[pemocraBs qparH
HOBHHAPCKH CTaTHH H
OB PIKa OI[CHKA Ha
TpaHC(HOPMATOPH C IBITa
HOCJIEI0BATEITHOCT,
BKJIFOUMTEIHO MOJICIIUPAHE
B ctuu BigBird [12], [81],
[95].

OcwurypsiBa rojisiM TBOHYCH
OCHYMApK 32 CPaBHEHHE Ha
KJIACHYECKH U
TpaHC(HOPMATOPHU
CHCTEMH.

CBBp3Ba pa3KpUBaHETO HA
(bammvBH HOBUHHU C
ne3nHpopmanus, CBbp3aHa
ChC 3/IpaBETO, U YACTUUHH
JIOKa3aTeJICTBa 3a
conpanHus KoHTeKcT [83],
[97].

[omabprxa MHOTOC3MYHA U
HHUCKOpPECYpCHa OLICHKA Ha

TpaHchopmaropu [84],

Metogojioruuna
rpaHuLa

M3nomn3Ba ce 3a
OTKpUBaHE Ha
ChAbpIKaHUE, a HE 32
MOJIEJIUpaHe Ha

BpeMeBa qu(y3us.

H3nomsea ce 3a
OTKpUBaHE Ha HUBO
CTaTus; He CE MPaBH
KackaJiHa
PEKOHCTPYKIUS CaMO

OT KopIIyca.

W3non3Ba ce camo 3a
aHaJIN3 Ha
YCTOMYHBOCT Ha

HUBO CbAbPIKaHUC.

M3non3Ba ce riaBHO
KaTo HabOp OT JaHHH
3a ChIbPXKAHUE,
COITMATHUTE CUTHAJIN
HE Ce TPETHpaT KaTo
II'bJIHU BpeMeBI/I
KacKaJu.

M3non3sa ce 3a
OTKpHUBAHE U

CHUHTCTHYHA
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[85], [98]. BaIMIAIHS, & HE KaTO
EMITHPUIHO
JI0Ka3aTesICTBO 34
Twitter/X wmi

Hoaxy.
[IpakTHyecKUsT pe3yaTaT OT TOBA PELICHUE 33 IMPUTOJAHOCT € KOHTPOJIMPAH CIOH 3a PUCK OT
chabpkaHue. TpaHcOpMaTOpHUTE MOZETH, OOYyYeHM WM OICHEHH BBPXY H30paHHUTE
Habopu OT JaHHM 3a ChIbp)KaHUE, MOTaT Ja FeHepUpPaT BEPOSTHOCTEH Pe3ynTar 3a (QaliuBu
HOBUHH Pr(X), HO TO3M pe3ylATaT € CamMo €IMH KOMIIOHEHT OT IIbjHATa paMKa Ha
mucepranusaTa. Tol craBa ONmepaTHBHO 3HAYMM 32 MU(PY3MOHHHS aHAIU3 CaMO KOraTro e
CBbp3aH C TBBpPJEHHE 3a (hallIMBU HOBHUHH, KOETO ChIIO MMa JOKa3aTeJCTBAa 32 BPEMEBO

B3aUMOJIEHCTBHE.

2.7.2 YnoocTBO 32 Moejiupane Ha Temnopaina nugysus, SIR/SEIZ u ABC/ABC-SMC
HudysnonnusaT HaOOp OT HaHHM TpsiOBa 1a ChIBpPKA BPEMEBH OTMETKH, KacCKaIHU
UACHTU(DUKATOPH, HACOUEHHU B3aUMOJICHCTBUSA U 10CTaThUCH BPEMEBH 00€M, 3a 1a MOJAbpKa
o0o0meHa cratuctuka. ToBa OOsICHSBA 3aII0 CaMO TJABHUTE EMITMPHUYHU KAcKaJu Ce
U3II0JI3BAT 3a MOCJE/Ball M3BOJ, JOKaTO IO-MAJKUTE WJIM CHUHTETUYHHU Cllyyal OCTaBat
JOITBITHUTEITHH.
Sp(D;) = wrT; + weC; + WeE; + wyM; + wyA; + w0, (2.32)

B ypaBuenue (2.32), Sp(D;)03HauaBa NPUroJHOCTTa Ha HaOOpa OT JaHHHU 3a TEMIIOpaHa
mudysus D;. TepmunsT T;pecTaBisBa HATMYHOCT Ha BPEMEBH OTIEYaThK, C;pe/ICcTaBIIsABa
KacKaJHa CTPYKTypa WM CTPYKTypa Ha HHBO TBBpJeHHE, E; mpeicTaBisiBa HacOYeHa
HINYHOCT Ha pebpa, M; mpelcTaBisiBa CbBMECTUMOCT CbhC chCcTOsiHUATa Ha SIR/SEIZ,
A; mpexacraBisiBa HalMYHOCT Ha 0000menun cratuctukn Ha ABC/ABC-SMC u
Q; mpencraBisgBa KaueCTBOTO Ha JIaHHUTE clie]l IpeaBapuTesHa oOpaboTKa BBB BPEMETO.
Kakro npu ypaBHenue (2.31), u3pa3bT € METOAOJIOIMYHO PBKOBOJCTBO, a HE (PUKCHpaHO

YHCJICHO ITPaBUJIO.

Tabmmna 2.17. OxoHuarennu qudy3HOHHO-OPHEHTHPAHU HaOOpH OT IaHHM, 3alla3eHH 38 BPEMEBO, EMHEMUYHO

u ABC/ABC-SMC moaenupane

HaGop ot nanuu / TebpAeHUE MU OcHoBHa 1udy3nonna | Poas
KackKajaa MaTepuaJi 3a GaJINBU omnopa
HOBUHH
COVID-19 uctuncku | ,,KopoHaBHpYCHT HE caMo B3aumonelicTBusTa OcHOBHa Kackaza OT
Twitter/X BJIMsIC HA HAYMHA HU Ha MEXXIy MOTPEOUTEIH C EMIIMPUIHI
JKHBOT, HO U IPAaCTHIHO BpPEMEBH OTIEYATHK Ca Jie3nH(pOopMaIy B
BJIMsiC HA HAUWHA, 110 KOMTO  (UITPUPAaHU 1O 3[[paBEONa3BaHETO 32
ymupame. site_type = TEMIIOpajaHa Mpexa,
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TTomuTraeckn

n3mamu / OSoMeNet

ConpanHa KacCkaza,

BHECCHA OT U3MaMa

CuHTeTH4YHA
abaHCcKa TeMIIOpaHa

KaCKkaga

,» ] P MIJIMOHA Tjaca Ha
MIPE3UICHTCKUATE U300pH
0sixa MOAAJCHU OT

HeJleraJHU UMHUTPaHTH.

,» I ps0Ba JT1 YOBEK 12
MPEKpaTH Kapuepara CH C

TyuT?*

»Shqipéria do t& presé¢ 100

mijé palestinezé nga Gaza.”

covid_fake claim.

MarmabHa Kackama oT
PETYyHUTOBE C HACOYCHHU
B3aUMOJICHCTBHS MEKTY

MOTPEOUTENH.

ConmaliHa Kackaja ¢
eTHKeT ,,JI3Mama‘“ u
3aIIMCH 32
pasmpocTpaHeHHe,
MapKHPaHH C BPEMEBH
OTIICYATHK.
I'enepupana xackana c
BpeMeBI/I OTIICYAaTBhK CBC
3aMucH 3a MpoBepKa Ha

TBBPACHUS U (DaKTH.

S(Di) = (CT' tpeak' Tmax» der bes qr, nZ)

SEIZ/ABC-SMC u

Ium (t)TIpOTHO3MpaHE.
OcCHOBHa eMITUPUYHA
Kackazia OT TBbPACHHUS 3a
MOJUTHYICCKH (DaTITUBH
nosunu 3a SIR/SEIZ,
ABC/ABC-SMC u
CpaBHCHHE HA MPOTHO3UTE.
JlombIHUTETHA
CpaBHHUTEITHA KacKajga OT
TBBPIACHHS 32 COITHATHI
(hamBH HOBUHU 32
HHTEPIPETANHs BbB
BpeMeBaTa Mpexa.
[Monkpera 3a Bamanpane U
CUMyJIanus Ha anOaHCKUs
TpBOONPOBOJ] C HUCKU
pecypcu; He ce TpeTupa
KaTo EMIIMPUYHO
JIOKa3aTeJICTBO OT
Twitter/X.

(2.33)

B ypaBHenue (2.33), Cre KpaliHUAT pasMep Ha KacKalara, tpeak€ BPEMETO JIO JOCTUTaHE Ha

MUK Ha TUQY3US, Ti,,x€ MAKCUMATHATa CKOPOCT Ha pa3mpocTpaHeHue, d € AbI00YNHATa Ha
KacKajara, b, € mupodynHaTa Ha KacKaJara, (y € BEPOATHOCTTA 3a (haalIMBU HOBUHH OT
TpaHcopmaropa, CBbp3aHa ¢ €JIeMEHTa, U Nye& OPOST Ha CKENTUYHHUTE, KOPUTUPALTUTE UITU
CBBP3aHUTE C TpOBepKa Ha (haKTUTE CHOWTHS, KOraTo TakaBa MHQPOpMalMs € HaIMYHA.
ToyHUAT BEKTOp ce ajanTupa KbM BCEKHM HAOOp OT JAaHHU, HO POJISITa Ha BEKTOpa OCTaBa
chlllaTa: TOM TpeoOpasyBa HaOMO/IaBaHA Kackaaa OT TBBPJAEHHUS 3a (DaAJIIMBU HOBUHU B

000011IeHH T0Ka3aTeICTBa, KOUTO MOTaT Jia ObJJaT CPABHEHHU ChC CHMYIIUPAHH TPACKTOPUH Ha
SIR/SEIZ B npouenypute ABC u ABC-SMC [19]-[26], [35], [86]-[89].

2.7.3 ETnunn C’I)Oﬁpa)l(el-ll/lﬂ, C’bOﬁpa)KeHHﬂ 34 MMOBEPUTEJIHOCT U BL3MMPOU3BOAMMOCT

Pamkara m3mon3Ba OTrOBOPHO HAOMIOAAEMHU MYOJMYHHM WM JOKYMEHTHpPAHW 3alucH 3a
B3aumojeiictBus.  [loTtpeOutenckure uaeHTHPUKATOPU ce  00paboOTBAT  CHIVIACHO
OrpaHMYEHUsITa Ha Habopa OT JaHHM, a PE3YyITaTUTE OT MOJEJNa HE C€ MHTEPIpPETHpaT KaTo

JINYHHU y6e)KI[eHI/I$I, YGC)K,I[CHI/IH HJIM HAMCPCHU .

2.7.4 MeTo0JIOTHYHH JONMYCKAHUS U TPAHULA HA BAJTUAHOCT
OcCHOBHHTE JOMYCKaHUS Ca, Y€ BEPOSTHOCTUTE Ha TpaHChOpMaTopa ca OLEHEHU OT Mojeia

PUCKOBHU OLICHKH, KACKaJHUTC BSaHMOHeﬁCTBHH ca Ha6J'IIO,I[aeMI/I 3aMCCTHUTCIIN, CbCTOSIHUATA
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Ha SEIZ ca nareHTHHM Mojenupaiid KOHCTPYKLHMH, a CLIEHapUUTE 3a HMHTEPBEHLUS ca

CUMYyJIallu M. Te3nu I'paHUIU IpaBAT PE3YITAaTUTC 3alllUTUMHU, a HC IIPCYBCIINYCHU.

Tabnmma 2.18. BHenpeHn KOMIOHEHTH M TpaHUIH caMo 3a JIUTepaTypa Wik 0bema padoTa

KoMmmnoneHT

BERT, RoBERT®, BigBird,
mBERT n XLM-RoBERTa

Hudysnonnn moxenu SIR n

SEIZ

ABC u ABC-SMC

GNN u 00yueHue 1o

TemnopanHu rpadu

OO0sCHIM H3KYCTBEH

HUHTCJICKT

T"onemMu e3uK0OBU MOJIENHU

AHcam011 3a riacyBaHe,

MOJApEXIaHe U

KJIacu(uKaTop

2.8 Pe3oMme Ha ri1aBara

CraTtyc B Ta3u
aucepTanus

BrenpeHo u oueHeHo

Buenpeno u oueHeHO

BrenpeHo u oneHeHo

IIpernen Ha
JuTeparypara u

Obaema padora

braemo
O0O0SICHUTEIIHO

pasIpeHue

Camo criomarareiata
WIM IO AbpIKalia

posst

Camo nperiieq Ha

JUTepaTypara

IIpuyuHa 3a craryca

Te ocurypsiBaT onepaTuBHUS CIOH 32 OTKPUBaHE Ha
Transformer u reEepupaT MOJEIHO OLIEHEHATA
BEPOSITHOCT 32 (hajIlIMBH HOBUHH, N3IOJI3BaHA OT
paMKara.

Te npenocTaBsT HHTEPIPETUPYEMH PEACTABSIHUS Ha
eMUIEMUYHOTO ChCTOSTHUE 32 aKTHBHO
Ppa3npocTpaHeHHe, CIMPAHE, EKCIIO3UIHUS U
CKETITHIINU3BM.

Te xoIMYECTBEHO ONpeNeNAT HEOIPEAEIeHOCTTa B
rapameTpuTe Ha Audy3us, KoraTo TOYHaTa OlleHKa Ha
BEPOSATHOCTTA HE € OCHIIECTBUMA.

Te usucksat mo-6oratu rpadUuHN JaHHH HA
HOTPEOUTENCKO HUBO, HAJEKIHU MPEXHU OT
TIOCIIEI0BATEIN WIIH B3aUMOJICHCTBHSA 1
TIOCJIEIOBATEIIHN €THKETH 32 pa3lpOCTpaHEHHE,
OTKOJIKOTO Ca HaJJMYHM BbB BCHUKH 3aIa3eHN HaOOpH
or maunu [121]-[129], [153]-[155].

LIME, SHAP u 00sicHUMHTE CHCTEMH 32 (haIIIHBH
HOBHUHU Ca peJIeBaHTHH, HO IbJieH XAl cioit 6u
M3KMCKBAJ OTIEJIEH MPOTOKOJI 33 O0SICHEHUE U
Banmuaupane [115]-[117], [152], [172].

LLM morar ja noAIOMOTHaT AOIBJIBAHETO WU
aHaJu3a, HO KpalfHUTe eTHKETH, HaOOpHUTE 3a OLIEHKA U
I(hy3MOHHUTE MHTEPIPETALIMN HE CE€ TEHEPHUPAT OT
LLM wusxona [47]-[49], [135]-[136], [143]-[145].

Te morat na mogoOpsIT TOYHOCTTA, HO OMXa HAMAJIHIIH
MIPOCIIEIMMOCTTA MEX/ly OlleHKaTa Ha TpaHcdopMbp 1
MHTEPIIPETanusiTa Ha pUCcKa OT TU(Y3Us HAIOIy TI0

BEepurarta.

I'maBa 2 mpeBpblla Iperieqa Ha JUTeparypaTa B olepaTUBHA MeTodonorusd. Tsa ompenens

poauTe Ha HAOOpHTE OT JaHHU, peABapUTETHaTa 00paboTKa, BpemeBuTe kackaau, SIR/SEIZ

mozaemupanero, ABC/ABC-SMC u3BoauTe, TOCTTEPUOPHOTO MPOTHO3UPAHE, CIICHAPUHUTE 3a

HUHTCPBCHIUA U CTUYHUTC I'PaHULIN. I'maBa 3 CJIC TOBa OLCHABA TO3U IMPOLCC CMIIMPHUYHO.
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I'naBa 3. EkcnepumeHTAIHM pe3yaTaTu U Juckycust

3.1 BnBeagenue

I'maBa 3 npencTaBsi eMIUPUYHOTO W3MBIHEHHE HA pamkara. [IbpBo ce oleHsiBa OMHAPHOTO
OTKpHUBaHe, 6a3upaHo Ha TpaHcHOpMATOp, ClIe] KOETO C€ PEKOHCTPyUpaT W30paHu KacKaau
ot ¢ammuBu HOBHHH, ce HamacBaT SIR m SEIZ wmonmenu, ce omeHsBa amocrepuopHara
neomnpeneneHoct ¢ ABC/ABC-SMC wu ce oueHsBar cleHapud 3a KOHTpadaxTyalHa
UMHTEpBeHLM. [ 1aBara paszens JoKa3aTelcTBaTa Ha HUBO ChIbpXKaHUE U HA HUBO Tudy3us,

IIpeau Ja I'd UHTETpUpa B OKOHYATEITHOTO OOCHKIaHE.

3.2 ExciepuMeHTAJIHA HACTPOiiKa

ExcriepumenTanHata HacTpoWKa cliefjBa IOCIEAOBAaTEIHOCTTa ,,JieTeKTUpaHe-naudy3us-
n3BoA . Habopute OT naHHU 3a ChAbpPIKAHUE CE OLICHSIBAT HAa HUBO €JIEMEHT, M3MOJ3BANKU
TOYHOCT, mpenusHoct, u3depmaemoct, Fl-omenka m ROC-AUC; nabopute OT JaHHH 3a
nudy3us ce OICHSABAT Ha KAaCKaJHO HUBO, W3ION3BAHKA KPHBH Ha pPa3NpOCTpaHEHUE,
noapeaenu mo Bpeme, SIR/SEIZ cwmocraBsHe u posterior prognostic behavior. [Isete
OCHOBHM eMIUPHYHM Kackagum ca ciaydast ¢ COVID-19 Twitter/X u caydaar c
nojutuaeckoto TBbpaeHue Hoaxy / OSoMeNet [30], [81]-[85], [90], [108].

Tabmuna 3.1. ExcriepuMeHTaIHH JOKa3aTeNlCTBA U HA0OpH OT JaHHU

Baok Ha0opu ot nannmn H3xon

OTrkpuBaHe Orpannyenue, FRN, ISOT, CoAID, ambancku  F1, ROC

BpemeBu COVID B Twitter, Usmama Kackanu

Ennpemust COVID B Twitter, U3mama SIR/SEIZ

Baiiecos COVID B Twitter, I3mama 3ajeH (anocTepropeH)

3.3 Pe3yaraTu oT OMHAPHO OTKPHBaHe HA 0a3aTa Ha TPaHCHOPMATOPH M CPAaBHHUTEJICH
aHaJIN3

Pasnen 3.3 nmpencrasa cios 3a orkpuBase. LlenTta He € na ce kinacupar BCUYKU Bb3MOYKHU
ACTCKTOPU Ha q)aJ'IH_II/IBI/I HOBMHH, a Ja C€ TIIOKaXXC KaK C€ ObpiKar I/136paHI/ITe
TpaHc(hOPMATOPHU APXUTEKTYpH B HAOOpU OT JaHHU 3a KPATKU TEKCTOBE, IBJITH JOKYMEHTH,
3/IpaBeona3BaHe M andaHCKH HAOOpU OT JaHHM C HUCKHU pecypcH. Pesynrature npenocTaBst

BCPOATHOCTHU U3XOJU 34 KJIaCa Ha (paJIIJ_II/IBI/ITC HOBHMHH 3a IIO-KbCHUS KacKaJeH I'eiT.

3.3.1 PesyaraTn BbpXy Ha0OpH OT JaHHH, 0a3UPaAHHN HA CbAbPKAHUE

Tabnmma 3.2. IIpon3BogUTETHOCT HA TeHEPHPAHO OT aBTOpa oTKkpuBaHe Ha Constraint@AAAI2021 3agaga-A

Mogen / meToa TouyHoCT Ipeunsnoct IIpunomusine | Pe3yarat oT
F1

CNN + BiLSTM 92,01% 92,01% 92,01% 92,01%

SVM + TF-IDF 94,35% 94,42% 94,39% 94,39%
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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%
JlorucruuHa perpecus (LR) 92,07% 92,11% 92,00% 92,00%
MammuHa ¢ onopuu Bekropu (SVM) | 91,09% 91,13% 91,00% 91,00%
Haugen Baiiec (NB) 93,01% 93,06% 93,00% 93,00%
NB + LR 93,01% 93,05% 93,00% 93,00%

B 3amaua A na Constraint@AAAI2021, BERT mnocturHa Hal-CHIIHUS pe3ydTar 3a
nesuapopmanms 32 COVID-19 B kpatku TekctoBe, ¢ TouHOCT oT 98,11% u Fl-onenka ot
98,00%. Marpunara Ha oObpkBaHe M ROC kpuBara NOAKPENST 3aKIOYEHHETO, Y€
KOHTEKCTyaJTHUTE TMPEJCTaBIHUS c€ MON0OpsSBaT B CpaBHEHHUE CHC CHIIHUTE KIIACHYECKU

0a30BU JIMHUM 34 TA3U 3a71a44.

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

(a) Confusion matrix (b) ROC curve

1.0 1
1000
REAL 800
600 E
400 ’
FAKE 1,098
0.2 4
200
—— BERT ROC-AUC = 0.9943
Random baseline
0.0

REAL FAKE 0.0 0.2 0.4 0.6 0.8 1.0
Predicted label False Positive Rate

o
o

o
Ll

True label

o
s

True Positive Rate

@urypa 3.1. Onenka Ha ¢unanaus WKBI Ha BERT 3a Constraint@AAAI2021 3agaga A: (a) maTpuma Ha
oowpkBane; (b) ROC kpuga.

Ourypa 3.1 koMOuHUpa ABETE AOMBJIBAIIM CE TUATHOCTUKU HA Haii-m00pe MpencTaBsIIus ce
BERT nerexktrop B Constraint@AAAI2021 Task-A. Ilamen (a) moka3Ba maTpuila Ha
o0bpKBaHE C HMCKa cTemeH Ha rpewmkd, ¢ 1002 peamHu cpoOmenus u 1098 dammusu
CHOOIIEHUs, MPABWIHO KiIacuUIUpaHu, U caMo 18 danmmBu mookUTeHA U 22 pammBu
oTpunatenuu pesyntara. [lanen (0) moka3Ba CHUITHO, HE3aBHUCHMO OT Tpara, pasfeisHe, C
ROC-AUC = 0,9943. 3aenHo aBara TaHela MOTBBPXKIABAT, Y€ CJIOAT 32 OTKPHBAaHE Ha
KpaTbK TEKCT OCUTYpsiBa HAAEXKJEH CHTHAl 3a PHUCK OT ChAbpPXKAHUE MPEAd BPEMEBU

KaCKaJCH aHaJIu3.

3.3.2 Pe3yararu oT OTKpUBaHe HA IbJIbI TEKCT U cieM(PUYHY 32 JOMeilHA JaHHU

3a gparu w cnennuyHU 3a AaneHa obyiacT HaOOpW OT JaHHU, MPOU3BOJUTEIHOCTTAa HA
Transformer 3aBucu oT mbmkuMHATa Ha Tekcta W Temara. BigBird-RoBERTa ce mpencraBu
Haii-no6pe npu no-aparutre HoBuHU HA FRN u CoAID, RoBERTa ce npexacraBu Hait-no0pe
npu ISOT u kpaTkuTe TBbpPACHUS 32 3[paBeorla3BaHe, a KilacuieckuTe 06a3oBu JuHuu Ha TF-
IDF ocranaxa mosie3HM OTIpaBHU TOYKH. DPuUrypuTe M TAaOIUIMTE ca 3ala3eHH, 3alioTo

IMOKa3BaT KAQ4CCTBOTO HA KJIACUPAHETO U PASNPEACICHUCTO HA I'PCIIKUTC.
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Tabnuna 3.3. KoMnakTHO cpaBHeHHE Ha Haii-cuiiHuTe Kiacuuecku 6aszopu auHud B FRN, ISOT u CoAID.

Habop ot nannn / Haii-no6pa knacuyecka danmusa Makpo-F1 ROC-AUC
NO/IMHOKECTBO 0a3oBa JUHHA ®opmyaa 1

®PH Jluaeen SVM + TF-IDF 0.9531 0.9526 0,9903
n30T JIuueen SVM + TF-IDF 0,9924 0,9921 0,9996
My6auxanuu/uckanns  Jlorucrmyana perpecust + TF-IDF | 0.9358 0.9488 0.9830

32 COIMAJHH MPEKH,

cBbp3anu ¢ CoAID

Ilo-xbaArn HOBMHHU 32 Jloructuuna perpecus + TF-IDF | 0.4615 0.7243 0.9328
CoAID

Tabnmma 3.4. CpaBHHTENTHA IPOU3BOAUTEIHOCT Ha oTKpuBaHe Ha TpaHchopmaropu pu FRN, ISOT u CoAID.
Habop ot nannu / Tun Teker Haii-no6pa ®ammmBa  Makpo-F1 | ROC-
MOJAMHOKECTBO HACTpOiika Ha ®opmyaa AUC

Tpancopmartopa | 1

®PH Hbnru BigBird- 0.9691 0.9692 0,9946
MOJIMTAYECKHU/ 00N RoBERTa-base
CTaTHH

N30T Pedepenren nokazaren | 3ariaBue Ha 0,9948 0,9945 0,99997
3a roJieMu CTaTUU Ha RoBERTa

AHTJINHCKU €3UK

[My6nukanuu/uckanus =~ Kpatku RoBERTa-6a3a 0.9615 0.9701 0,9915
3a COLMAIIHU MPEXH,  TBBPIACHUS/IyONnKauu

cBbp3anu ¢ CoAID 3a 3/]paBeoIa3BaHe

[Mo-mbiirn HOBUHM 32 | [lo-IBJirM HOBUHHM 32 BigBird- 0.8205 0.9081 0.9786
CoAID 3IIpaBeOIa3BaHETO RoBERTa-base

FRN BigBird final-run confusion matrix

600

True REAL

300

200

True FAKE

100

Pred REAL Pred FAKE

Owurypa 3.2. Matpura Ha 00bpKBaHe B TOCIeAHNS ITUKBI Ha BigBird 3a FRN
®urypa 3.2 NOTBBpPXkKAaBa CHIIHO pasjensiHe Ha kiacoBeTe 3a mozaena FRN BigBird. Camo 18
peaJlHd CTaTUU ca HENpaBWJIHO MapKupaHu KaTo ¢ammuBd, a 21 ¢ammuBu craTuu ca
nponycHatd. To3u Mo/ieN Ha IpeIIKH MOKa3Ba CUIIHO pa3JiesisiHe Ha KJIacoBeTe U OaJaHCHUpaH

KOMIIPOMHUC MEXJy OT30BaBaHETO Ha (QallIMBU KJacoBe U (DANIMIMBO MMOJIOKUTEITHUS
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KOHTPOJI, KOCTO € BaXXHO, KOratO0 M3XOJHHUAT PE3yJITaT OT OTKPHUBAHCTO IIO-KHCHO

HHTCPIPETHUPA KaTO CUT'HAJI 3a PUCK OT ChbABPIKAHUC.

(a) ROC curve

ROC Curve for the Best-Performing ROBERTa Setting

(b) Confusion matrix

10

08

o
@

True Positive Rate
o
=

0.2

True label

= RoBERTa title-body (AUC = 0.99997)
Random classifier

0.0
0.0

0.4 06 0.8 10 REAL
False Positive Rate

Predicted label

Confusion Matrix for the Best-Performing RoBERTa Setting

REAL
FAKE 4,668

FAKE

4000

3000

2000

1000

CcC

®urypa 3.3. JlombIHUTENHN TpaUKH 3a OLICHKA Ha Haii-mo0pe npeacrapsimata ce ISOT nactpoiika: (a) ROC

KpuBa; (0) MaTpulla Ha 00bPKBaHE

Qdurypa 3.3 noxkasBa, ye Haif-nobpe mnpencrapsmara ce ISOT kondurypamuss (RoBERTa

title-body) moctura kakTo mo4tu nep(EKTHO pas3jeNsHe Ha KIACHPAHETO, Taka U MHOTO

HUCHK npodun Ha rpemku. ROC kpuBara B manen (a) moka3pa OTIUYHA JUCKPUMHHAMOHHA

cnocobnoct (ROC-AUC = 0.99997), nokaTo maTpuiiata Ha oObpkBaHe B maHeln (0) MmokasBa

camo 22 peajHH CTaTHH, OTPENIHO KiIacu(uIupaHu KaTo (Ganmmsy, U 27 GalliuBi CTaTHH,

TIOrpeIIHO KJ'IaCI/I(l)I/ILII/IpaHI/I KaTO pCaJIHU. Bzetn 3aCJHO, TC3HU Fpa(l)I/IKI/I NOTBBPIKAABAT, Y€

MOJICNTBT C€ MpeCcTaBs u3kiIounTenHo noope mo ISOT Genumapka, BIPEKU Y€ pe3yaTaThT

BCC ITIaK TpH6Ba Aa C€ ThJIKYBa C TIOBUIICHO BHUMAHHWEC MTOpaan CHCI_[I/I(I)I/I‘IHI/ITC 3a Ha6opa OoT

JaHHH 3aKOHOMCPHOCTH HAa M3TOYHHKA U CTHJIA.

True positive rate

CoAID ROC curves for best Transformer settings

1.0 1

0.8 -~

0.6 1 -7

0.4 -

0.2 1 Pid

- ~—— RoBERTa-base: social posts/claims (AUC = 0.9915)
- BigBird-RoBERTa-base: longer news items (AUC = 0.9786)

004 * — = Chance baseline (AUC = 0.5000)

0.0 0.2 0.4 0.6 0.8 1.0
False positive rate

@urypa 3.4. ROC kpuswu 3a Haii-no6pute HacTpoiiku Ha CoAID Tpancdopmaropa
@urypa 3.4 o0o0mmaBa Haif-cunHuTe pe3ynratd ot kiacauusta Ha CoAID Transformer 3a
KpaTK{ MyOIMKAIUN/TBBPACHUS B 3[]paBEONa3BaHETO U MO-IbJITM HOBUHAPCKU MaTepUAIH.
3.3.3 MHOroe3u4HH pe3yJTaTi ¢ OrPAHUYEHH pPecypcH

AnGaHCKHAT CKCIICPUMCHT IIOKa3Ba, Y€ MHOI'OC3MYHUTC KOHTCKCTyaJlHU MOJCIN Ca

HEOOXO/MMH 3a OTKpHBaHE Ha (pammumBu HOBMHU ¢ HUCKH pecypcu. XLM-RoBERTa nane
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Hali-CUJIEH pe3yiTaT, MPEeBb3X0KIANKN KaKTO Kiacuueckara 6azosa nunust Ha TF-IDF, taka

n mBERT, xoero moakpens BKIIOYBAaHETO Ha MHOTO€3MYHATa OleHKa Ha Transformer B

pamKkara.

Tabmnmma 3. 4. [Ipon3BOAUTEIHOCT HA MHOTOE3UYHOTO pa3lo3HABAHE HA ANOAHCKH €3UK
Mopea ®anmusa Popmy.a 1 ROC-AUC
Jluneiitna SVM + nyma/znak TF-IDF  0.8802 0.9516
MsuoroesnueH mBERT-6a3upan 0.9057 0.9741
XLM-RoBERTa-6a3a 0.9285 0.9857

Albanian XLM-RoBERTa Confusion Matrix Albanian XLM-RoBERTa ROC Curve

350 1.04
300 4
Real 373 g
250
200
150 '
Fake 370
100 <
—— XLM-RoBERTa (AUC = 0.9857)
50 0.0 Chance

Real Fake 0.0 0.2 0.4 0.6 0.8 1.0
Predicted label False positive rate

o
@

(=1
o

True label

True positive rate
o
B

o
LY

®urypa 3.5. Pesynratu ot onenkata Ha anmoanckus XLM-RoBERTa: marpuna Ha 00bppkBane 1 ROC kpuBa.
Ourypa 3.5 mnpencraBs wmarpunata Ha oObpkBaHe W ROC kpuBara Ha Hail-nodpe

npencrassara ce kongpuryparmus XLM-RoBERTa.

3.3.4 CpaBHHTEJICH AHAJIU3 HA OTKPUBAHETO

B paznuunute Habopu OT JaHHM HAMA €IMH-EAMHCTBEH MOJIEN WU MOJIMTUKA 32 BbBEXK/IaHe,
koaro na ¢ ontumanHa. BERT e edextuBen 3a kpatku myOnukanuu, RoBERTa 3a
OeHYMapKOBe W TBBPJAEHUS 3a 3/paBHM Ipobnemu, BigBird 3a mo-mbaru cratum u XLM-
RoBERTa 3a anbancku Texct. CpaBHEHHETO MOAKPEIS M3MOJ3BAHETO HA BEPOSITHOCTTA Ha
Transformer kaTo KOHTpOJMpaH CUTHAN 332 PUCK OT ChAbP)KAaHUE, a HE KaTo yHHMBepcallHa

OKOHYATCJIHA NPCICHKA.

Ta6muua 3.5. CpaBHeHHe Ha Hali-CHIIHUTE HACTPOMKH 332 OTKPUBaHE Ha TPAHC(POPMATOPH, TEHEPHPAHO OT
aBTOpa, MEXy HAOOPH OT TaHHU
Habop ot nannn / Tun Texer Haii-no6pa ®ammmBa  Makpo- | ROC-
MOIMHOKECTBO HACTPOIiKa HA ®opmyaa | Fl AUC

Tpanchopmaropa | 1

Orpannueane@AAAI2021 = Kparku myonukanuu 32 = BERT-6a3a 0.9800 0.9800 0,9943
COVID-19

®PH Jeiru BigBird- 0.9691 0.9692 0,9946
HOJINTHYECKU/001IHN RoBERTa-base

CTaTuu
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N30T

Conumanan

My ONMUKaAN/ TBEPACHUS 32

CoAID
ITo-mbaru HOBUHY 3a
CoAID
AnbaHCKH KOPITyC Ha

(baJ'IIlII/IBI/ITe HOBWHH

PedepenTen nokasaren
3a rOJIEMHU CTaTHH Ha
AHTIINICKH €3UK
Kpatku
TBBPACHUS/ Ty OTHKATINT
3a 3]]paBeoIna3BaHe
ITo-nbparu HOBUHU 3a
3/]paBeOIa3BaHETO
AIOGaHCKH HOBHHHU C

HHCKH pecypcH

3aryiaBue Ha
RoBERTa

RoBERTa-6aza

BigBird-
RoBERTa-base
XLM-RoBERTa-

0asa

0,9948

0.9615

0.8205

0.9285

0,9945 0,99997
0.9701 0,9915
0.9081 0.9786
0.9287 0.9857

Tabmnuna 3. 6. OcHOBHM MOJiesIU Ha (hallIMBO MOJOXKUTEIHU U (HaJIIUBO OTPULIATESIIHN Pe3yITaTH B HabopuTe

HaGop ot nannm / rpyna

Kpatku myOnukanuu u
1BEpaeHus 32 COVID-19

JBbIATH aHTTUUCKU CTaTUH

Ilo -AbJI'M HOBUHH 3a

3ApaBCOIIa3BaHCTO

An0aHCKY HOBHHHU C

HHUCKH pecypcHu

OT JaHHU 3a OTKpHBAHEC, 6a31/1paH1/1 Ha CbAbPIKAaHUC

OCHOBEH MojeJ Ha
$anmuso
MOJIOKUTETHH
pe3yaTaTH
Wctunckute 31paBHUA
My OIHKaIUK C
alapMMpal pe4HuK
MOrar Jia Haroxo0sBar
JIe3UH(POPMAITHSL.
CraTuure ¢ ICTHHCKA
MHEHHS MOXKE J1a
M3IIIEXKJAT KaTo

HCHaAACKIHU U3TOYHUIIN.

JleruTUMHKTE JOKIAIH
3a COVID-19 moxe na
ChIBPXKAT PUCKOB
PEYHHK, MO00CH Ha
(hanmmuBHUTE TBEPACHUS.
EmonmonanHo
HaTOBapeHI/ITe UCTUHCKHU
aT0aHCKH TEKCTOBE
morar 1a Obaar
MapKHpaHU KaTo

(hanmmmBmy.

3.4 Pe3yaraTu OT TeMIOPAJTHATA KaCKaAa

OcHoBeH (paamnBo

oTpULaTeIeH Moaes

@anmuBy TBHPACHUS,
HaINCaHU C IpeAa3IuB
WK 0(HUIHATHO 3BYYalll
€3WK, MOXKe Ja Obaar
HPOITYCHATH.

Hdpnrute danmmBu
CTaTHU MOTAT JIa KPUAT
TTOIBEXK TAIIIA
JIOKA3aTeJICTBA H3BBH
CBKpATEeHHUS BXOJI.
Heyrpannara
OMOMETUITTHCKA
(hopMyIHpPOBKa MOXKE J1a
MIPUKPHE ITOIBEXKIAII0
ChIbpAKAHUE.
DopmManHUT
KYPHATHUCTUIECKH CTHI
MOJKe J1a HallpaBH
(ammuBuTe anbaHCKH
TEKCTOBE JIa U3TIICHKIAT

JIOCTOBEPHH.

HMniankanus Ha

paMKara

Heob6xoanMa e Bucoka
CTETIeH Ha 0T30BaBaHe Ha
(amBH KIacoBe Mpeau

BPEMEBO HAOJIOACHUE.

ITp3ramure ce
mpo3opuu u BigBird
HaMalsiBaT 3ary0ara Ha
JIOKa3aTeJICTBa, CBhp3aHa
C IbJDKUHATA.
[o-gparuTe 3MpaBHA
HOBHHH H3HUCKBAT KAaKTO
Ka4eCcTBO Ha KJIaCHpaHe,
TaKa U 3alIOMHSIEMOCT OT
(anmus Kiac.
ToxeHusupasero,
ChOOpPa3eHo C e3uKa, e
HEo0X0IMMO 3a
HaACKIHO MHOTOC3UYHO

OTKpUBAHE.

Paznen 3.4 mpemuHaBa OT OTKpHBaHE HAa HUBO €JIEMEHT KbM BPEMEBO pPa3MpOCTPaHECHHE.

TBbpAEeHUETO ce MPEXBBPIJIA KbM KacCKaJeH aHAJIM3 CaMO KOTaTO BEPOATHOCTTA 3a (haimuB
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KjlaC HaJABUIOM Ipara W KOraro CbIICCTBYBAT OOCTATBYHO  JOKA3aTCJICTBa 3a
BSaHMOHCﬁCTBHe. To3n mopraja HOpe€aoTBparsdBa HMI3IIOJI3BAHETO CaMO Ha 3alllCH CbC

CbABbPKaHUEC KAaTO BXOAHU OAaHHH 3a CIIMACMHUYCH MO/JCII.

3.4.1 lerekTOopeH mopraj u U300p Ha KacKaaa

[lopTanbr 3a OTKpuBaHe u30pa JBE OCHOBHM EMIMPUYHU KaCKaaud 3a MOJEIHpaHe:
TBBbpAeHUETO 3a danmmBuTe HOBUHHU B Twitter/X 3a COVID-19 u tBppaenuero Ha Hoaxy /
OSoMeNet 3a ,,tpu muinumona riaca®. Ciydaute, BHeCeHHM OT Hoaxy, W CHUHTETHYHHTE
aJI0aHCKH CITyYau ca 3ara3eHy KaTo MOMOIIHH IIPUMEPH 32 CPABHEHUE WIIM BAIUMPAHE, a HE

Karto paBHOCTOﬁHH J0Ka3aTcJICTBA 3a IIOCJICABAI U3BO/I.

Tab6mura 3.7. JleTeKIMOHEH TOPTAN U PEIICHHE 3a KacKaeH H300p mpeau MOIeTHpaHe Ha TEMITIOpaIHA MpeKa

Curyuaii p(fake|x) [loka3areicrBa 3a Pemenne
B3aHMO/eHCTBHE

TBbpacHHUE 32 DaTIIuBH 0.914 Hacouenu B3aumoneiicteus = Kackanen anamus;

HoBuHHM 32 COVID-19 B B Twitter/X ¢ BpemeBu npexBbpieH KbM SIR/SEIZ

Twitter/X OTIEeYaThK

M3mama / OSoMeNet 0.963 Kackana ot peryutoBe ¢ KackaneH aHanus;

TBBpAEHUE 32 ,,TpU MUJIHOHA 00XBaT Ha TBBPJCHHE npexsbpiieH kbM SIR/SEIZ

riaaca

,, I psIOBa JI YOBEK Ja CII0KU 0.874 Marnka TemmnopanHa kackaga |~ Camo cpaBHHUTENTHA

Kpail Ha KapuepaTa cH 4pes3 B ctuul Hoaxy TPaeKTOPHSI

TyuT?* TBBpAECHNE, BHECEHO

OT (haIIHBH U3TOYHHUIIH

TBBpACHNE 32 CHHTETUYHU 0.918 I'enepupana Temnopansa Camo BanuaupaHe

abaHcKu (aNIIBY HOBHHU

CcX€Ma B CTHUII Hoaxy

3.4.2 HaOnronaBanu TpaeKTOPHHU Ha 3apa3eHH NOTPeduTe N

Crnen xackaseH moa0OoOp, BpEMEBHUTE J0Ka3aTeJICTBA CE€ pPEaylupar A0 JBE AUPEKTHO
HaOIo1aBaHu cepuu. I e (t) 0O3HAUaBa Oposi Ha MOTPEOUTETHUTE, KOUTO 3a IBPBU IBT CE
NOSIBSIBAT KaTO AaKTUBHU PpA3lpOCTPAHUTENM B pPAaMKUTE Ha U30paHus Mpo3oper 3a
arperupane, 10KaTo I.,,(t) o3Ha4aBa KymynaTWBHHS OpOH YHHKalHU AaKTHBHHU
pasnpoCTPaHUTENH 10 TO3H MOMEHT. B emnupuunurte ciayyan Twitter/X u Hoaxy, akTHBHOTO
pasnpoCTpaHEHUE c€ M3BIMYA OT JI0OKA3aTEJCTBA 3a PETYUTBAHE, LIUTUPAHE WM HACOYEHO
CHOJIENISIHE; B aTOAHCKUS Clydaill TO ce M3BJIWYa OT CUHTETUYHHUTE 3alUCH, ETUKETUPAHU C
TBBPJEHUS, U30JI3BaHHU CaMO 3a BaJIUUPAHE.

HabnrogaBaHuTe TpaeKTOpPHM MOKA3BaT, Y€ KaCKaJHUAT PUCK HE MOXKE J1a CE U3BE/E CaMO OT
kpaitaus pazmep. Ciydasat ¢ COVID-19 noka3Ba nmoBrapsmum ce u30auy u gocrtura 95 599

KYMYJIQTUBHU AaKTHUBHHU Pa3MpOCTPAHUTEIH, JOKATO MOJUTHYECKOTO TBBpIeHue ,Hoaxy*
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noctura 149 079 xymynaTUBHM aKTHBHU pa3lpOCTpaHUTENU. Te3u KpUBM CE€ IPEBPBILIAT B

emnupuuHU BXxoaHU naHau 3a SIR/SEIZ ¢gurtunra.

Tabmmna 3.8. Kackamau 06001eHN CTaTUCTHKH, H3N0I3BaHu 3a ipexoaa SIR/SEIZ

Cayuaii Bpbx/ew ®unanl,, 3anucu PoJisi B 10-KbCEH aHAJIN3
TBBpaeHHuE 32 DamuBH 5892 95 599 133 374 OCHOBHa eMIHpHYHA
Hosunau 3a COVID-19 B Kackazaa

Twitter/X

Nzmama / OSoMeNet 4 660 149 079 1048 575 OcHOBHa eMIIIpUYHA
TBbpaeHue 3a ,,TpH MUJIMOHA Kackaza

rinaca®

,» I psiOBa JI1 YOBEK Ja npekpatu = 638 797 817 CriomMarateHO cpaBHEHUE

Kapuepara cH ¢ Tyur?"

TBBpAeHNE 32 CHHTETUYHHU 39 520 520 Camo Banuaupane Ha
abaHcKu (aNIIBU HOBHHU TpBOOIpOBOIa
{a) COVID-19 Twitter/X {b) Hoaxy / OSoMeNet
Real Twitter/X COVID-19 fake-claim infected curve Hoaxy / OSoMeNet claim: daily activity and cumulative infected-user curve
100000
— ; = _nei): callynew e spreacers

nea{t): daily new spreaders 140000 1_cumit: cumulative unigue spreadsrs

lewlt): cumulative spreaders
§ oo0on 120000
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{c) Should One Tweet End a Career? (d) Albanian synthetic validation

Hoaxy social claim: daily activity and cumulative infected-user curve ‘Synthetic Albanian claim: hourly activity and cumulative infected-user curve

800 | 8- | newtl: Gally new unlque spreacers P [
1eum(t); cumulative unigue spreaders
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Ourypa 3.6. HabnronaBanu TpaeKTOPUH HA 3apa3eHU IOTPeOUTENH 32 M30paHU KacKaau OT (allITuBH HOBHHH:
(a) COVID-19 Twitter/X, (6) Hoaxy / OSoMeNet, (B) ,,TpsOBa 1 eIMH TYUT Aa CIOXKHU Kpail Ha Kapuepara

cu?“ u (r) AnbaHcka CHHTETHYHA BaJIHIAIHS
@urypa 3.6 o0o0maBa HaOMIONABAaHUTE MHKPEMEHTAIHW M KyMYJIAaTUBHU TPAaEeKTOPUH Ha
3apa3eHuTe MOTpeduTeny, u3BIeYeHH OT M3OpanuTe Kackaau. Ciyuast ¢ Hoaxy mokasBa
Hail-rojsiM 00XBaT Ha pasnpocTpaHenue, gokato ciydast ¢ COVID-19 noka3Ba noBTapsum
Ce€ TMKOBE Ha aKTUBHOCT 3a MO-IBJIBT TIepro,1 Ha HaOmoaenue. Kackagara ,, TpsOBa nmu yoBek
Ja CJI0XHN Kpaﬁ Ha Kapucepara cu?“ ACMOHCTpHUpa 3a0aBeHO IIOBCACHUC Ha IIMKOBEC, JOKATO

AI0AHCKHAT IPUMED € 3aITa3eH caMo 3a BATMAMPAHE HAa CHHTETUYCH KOHBEHe.
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3.4.3 IlpencraBuTe/IHU CTPYKTYPH HA TEMIIOPAJIHATA MpexkKa

[IpencraBuTesIHUTE TEMIOpATHU MPEXU IOKa3BaT KaK pa3lpPOCTPAHEHUETO Ha (alllIMBU
HOBHMHH ce 0(OopMs OT TIOCOKATa, BPEMETO U MO3MIHMATA B MpekaTa. Durypure ca 3ama3eHu,
3a J1a ce IEMOHCTpUpa, Y€ MOJEIHATa eIMHHUIA HE € U30JIMpaH TEeKCTOB 3aIlliC, a MOJIpeeHa

BBB BPEMETO CTPYKTypa Ha B3aUMOJICHCTBUE HA HUBO TBBPJICHHUE.

(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 / O fak claim

Claim-scoped post-election retweet/spread interactions

@
a@@

fra)
os

&

® source / relay hubs downstream spreaders high-activity relays

®urypa 3.7. [IpuMepu 3a OCHOBHU TEMITOPAITHU MPEKH 32 IBETC OCHOBHH eMIHpHIHH Kackanu: (a) COVID-19

Twitter/X u (6) Hoaxy / OSoMeNet
CrnenoBartenHo, pasaen 3.4 3aBbpIIBa MOCTa OT OTKPHBAaHE KBbM BPEMEBO MOJICIHpAHE.
TpanchopMaTopHUTE BEPOSATHOCTH YCTAHOBSBAT KOW TBBPJACHUS NPEMHUHABaT TIpe3
CKpUHHUHTA 32 (hanmmBy HOBUHH, B3aMMOJICHCTBHATA C BPEMEBU OTIEYATHIM MPEBPBHINAT
TE3W TBBPIACHUS B KacKamw; Inew(t) U I.ym(t) TIpenocTaBsIT eMIUPUYHHTE KPUBH Ha
pasnpoCTpaHECHHE; a TPEACTABUTECIHUTE MPEXKH IMOTBBPIKAABAT, Y¢ OCHOBHHUTE CIIyYaW WMAT
HacoueHU MUQY3UOHHU CTPYKTYpH, nmoaxosamm 3a SIR/SEIZ ananu3. CregBamusr pasuen
m3non3Ba Tpaektopunte Ha COVID-19 um Hoaxy / OSoMeNet karo HaOmr0gaBaHU

Iops (t)KpHUBH 3a CpaBHEHHE HA SMTUIEMUYHH MOJICIIH.
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3.5 Pe3yjaraTu oT MOe/IMPAHETO HA PAa3NIPOCTPAHEHUETO HA eNUIeMHUsATa

Paspgen 3.5 mpencraBs pe3yiaTaTuTe OT MOJEIUPAHETO HA EMHUJEMHUSTA, TOJYYEHH CIeJ
TpancopMmupaHeTo Ha BpeMeBUTE Kackaau B Paszmen 3.4 B KyMynaTHBHH TPacKTOPUU HA
aKTUBHUSA pasnpoctpanuten. LlenTa Ha To3u pa3nen € eMOupuyYHa: TOM MpEeACcTaBs Kak ca ce
nppxkanu OazoBata smuHus Ha SIR w momensr SEIZ, xoraro ca Ounmu choOpa3eHH C
HabmonaBannuTe I.y,(t) KpUBH Ha JBETe OCHOBHH KacKagd OT (allIMBA HOBHHH.
MeTtogonornyHute ACPUHUIME HA OTACICHUATA, TpaBUiaTa 3a TPEXOJ]l, YPABHCHHUSATA,
Pa3CTOSHUETO HA CHIIOCTABSIHE U JOIYCKAHUATA Ha CUMYJIAaTOpa HE CE MOBTAPAT TYK, 3aIIOTO
ca ycraHoBeHu B ImaBa 2. CpaBHenuero SIR-SEIZ, npencraBeHo Tyk, pasmupsBa
u3cneaBanero Ha aBropa SoftCOM 2025 oTHOCHO UASHTHPHUIMPAHETO HA (AIIIUBU HOBUHU
Y CPAaBHEHHETO Ha €MUACMUYHN MOJIENIN BbB BpeMeBH Mpexu Ha Twitter [88].

Pasnen 3.5 oueHsBa panum  MOJENUTE HA ENUAEMUYHU CBCTOSIHMSL allpOKCHUMMpAT
HaOmronaBanuTe kackaau. SIR ce n3mosn3Ba karo nmpo3payna 6a3oBa auHusA, gokato SEIZ ce
OYaKBa J]a yJIOBU 3aKbCHEHHMETO U CKENTHUIM3MA Ype3 JOMBIHUTEIHU JIATEHTHU ChCTOSHUSA.
CpaBHEHHMETO C€ OCHOBAaBa HA MPUIOJEHU KPUBHU HA PAa3NPOCTPAHEHUE U TPEIIKHM Ha HHUBO
TPaeKTOPHSI.

CrnenoBaTeHO pe3ydTaTUTE ca MPEACTABEHU 4Ype3 MPOU3BOJUTEIHOCT HA HUBO KPUBA, a HE
Ype3 HOBO TEOPETUYHO M3BeXkAaHe. KiltouoBUTe BETMYMHMN ca OTHOCHUTETHATA rpeimka Ha L2
anpokcumanusi, RMSE, MAE u kpallHUAT anpoKCUMHMpaH KyMyJIaTUBEH OpOW aKTUBHHU
pasnpbckBaun. [lo-HUCKHTE TpEIIKM TMOKa3BaT, Y€ MOJACIBT TMO-TOYHO PEKOHCTPyHpa
HabmroaBanata I, (t) tpackTopus. IleHTpamHusT BBIPOC € gamd gombiaurennaTa SEIZ
CTPYKTypa BOAM JO EMIIMPUYHO NOJ0OpEeHHe, OCTaThYHO TOJsIMO, 3a Ja OIpaBjae

M3IIOJI3BAHETO ¥ B MMOCIeABaIHs eTan Ha kanmnOpupane Ha ABC u ABC-SMC.

3.5.1 Pe3yaTaTtu OT MO/IeJTHOTO HAaNlAaCBaHe

Tab6muna 3.9. O6001eHre Ha pe3yATaTUTE OT AIPOKCUMAIIUATA Ha eTUIEMUYHUS MOJIET 32 IBETe EMITUPUYHU

Kackaau OT (paJIiBy HOBUHU

HaGop ot nanuu / Mopea OrtHocutenen n RMSE MAE Kpaiino

eMIIMPHUYHA KacKaaa L2 Ha0J0aaBaHo /
MoHTHpaHOI .1,

TebpaeHHE 32 (ATIABA CTHP 0.1626 9958,4 7 793,3 95599 /73510

HoBuHH 32 COVID-19 B

Twitter/X

Tebpaenue 3a pammmBn 3AXBAIITAHE | 0,0463 28389 2092,6 95599 /84 921

HoBuHH 32 COVID-19 B

Twitter/X

H3mama / OSoMeNet ChP 0,0511 4 150,2 3 560,2 149 079/ 143

TBbpAeHHE 32 ,,TPH 396
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MMJIMOHA riaca® —

(¢asmuBa HoBHHA

H3mama / OSoMeNet 3AXBAIITAHE @ 0,0469 3809,7 3 200,6 149 079/ 140
TebpaeHue 3a ,,Tpu 408
MHJIMOHA rjiaca® —

¢ammusa HoBHHA

Pesynratute oT anpokcumanusita mnokaspar, ye SEIZ cienBa emMnupuyHHUTE KacKaJaHHU
TpaeKTOpHuH Mo-To4HO OT SIR, 0cOOEHO KOraTo pacTe bT € HEPABHOMEPEH HIJIM MHOTOKPATHO
m3pursail. ToBa MOJKpEIst Te3aTa, 4Y¢ eKCIOHUPAHUTE M CKENITUYHU/HEPA3IPOCTPAHSIBAIIH CE
CBCTOSTHUS TIOIOOPSBAT MOJSIIUPAHETO HA PA3IPOCTPAHCHUETO HA (DAIIIMBH HOBUHHU.

SIR versus SEIZ fitted cumulative fake-news spreading curves

COVID-19 Twitter/X fake-news cascade Hoaxy / OSoMeNet “Three million votes” cascade
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®urypa 3.8. SIR cupsmo SEIZ, anpokcuMupaHu KpUBH Ha KYMYJIATHBHO Pa3lpOCTpaHEHUE Ha (allIHBH

HOBHMHHU 3a IBETC CMIIMPHUYIHU KACKAIN
@urypa 3.8 cpaBHABa HaOJIIOJaBaHUTE KyMYJAaTUBHU TPACKTOPUU Ha Pa3lpPOCTPaHEHUE C
nporHo3ute Ha SIR u SEIZ 3a nBere emnupuunu kackaau. B cnyyas nva COVID-19, kpusara
Ha SIR pocrura Hacuiane TBBpJE paHo, Mokato kpuBata Ha SEIZ crnensa nabmiomaBanaTa
TPAcKTOpHS MTO-TOYHO B OCHOBHUS MHTEPBAJ Ha pacTex. B ciiydas Ha Hoaxy u nBara Mozena
ca 1mo-61130 A0 eMIupHYHaTa KpuBa, HO TpaekTopusara Ha SEIZ Bce ome maBa Maniko mo-
HUCKa o0Ia rpemka npu HamacBaHe. CiefoBaresHO (uUrypaTa BH3yadHO MOTBBPKIaBa

YUCJICHUS MoJieN, mpenctaBeH B Tabmuma 3.10.

3.5.2 CpaBuuresien anaau3 Ha SIR-SEI1Z

CpaBuennero SIR-SEIZ mnoka3Ba, 4ye exHa npocra CTPyKTypa ,,JIOJATIMBU-3apa3eHU-
BB3CTAaHOBEHU* € TMOJIE3HA 32 MHTEPIPETALUs, HO € TBBbPAE OIpaHMUYaBalla 3a MHOTO KacKaJau
ot ¢ammuuBu HoBUHHU. SEIZ ocurypsisa mo-no0bsp OanaHc MEXIy HWHTEPHPETUPYEMOCT U
MOBEJICHUECKH pPEaIM3bM, 3alI0TO BKIIOYBA 3a0aBsHE Ha EKCIO3UIUATA, KojlebaHue WU

cCrupaniy eQpexTH.
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3.5.3 UnTepnperanus Ha NpexoAa MeKAy OTAeJIeHHs

WuTepnperanuara Ha KOMIAPTMEHTUTE OCTaBa IpelaNa3iuBa: EKCIOHUPAHUTE U
CKEeNTHUYHHUTE CHCTOSHUS HE ca MPsAKO HaOmonaBaHU moTpedutencku yOexnaeHus. Te ca
MOJICJIMpAIM [10Ka3aTeJIM, KOUTO IOMarar Ja ce OOSICHM BHUIMMOTO pPa3NpOCTpaHEHHE,
MOTHUCHATATa AKTHUBAILUS M CBBP3AHUAT C KOPEKUUATA CHaja IPU HEMBIHO HAONIOJCHHE Ha

maTdopmara.

(a) SIR compartment trajectory for the COVID-19 cascade
SIR compartment transitions for COVID-19 Twitter/X fake-news cascade

100000
= S(t) susceptible

I(t) active spreaders
—— RIt) recovered/removed

80000

60000

40000

Number of users

20000

$=0.1949
¥=0.1023
Ro=1

1 rel. 12=0.1626

Mar May Jul Sep Nov 2021
Time

(b) SEIZ compartment trajectory for the COVID-19 cascade

fotcst SEIZ compartment transitions for COVID-19 Twitter/X fake-news cascade

—— 5(t) susceptible
E(t) exposed

= |(t) active spreaders

—— 2(t) skeptic/non-spreading

80000

60000

40000

Number of users

20000

£=1104, b=0.131
~ p=0.705, 1=0.09173
£=0.009774, p=0.0004802
¥=0.2814, 6=0.4008

rel. L2=0.0463

Mar May Jul Sep Nov 2021

@urypa 3.9. [IpencraBurennHa HHTEPIIPETAINA Ha IPEX0/ia B KOMIAPTMEHTH 3a kKackagara COVID-19:

Tpaekropuu, choopazenu ¢ SIR u SEIZ
Qdurypa 3.9(a)(b) wumoctpupa TmpeACTaBUTENHATA JAUHAMHKA Ha KOMIIAPTMEHTHUTE 3a
kackagara oT ¢ammuu HoBUHM 3a COVID-19. B cpaBuenue cbe SIR, SEIZ pasnpenens
MOTPEOUTENUTE B €KCIIOHMPAHU U CKENTHUYHU/HEPA3MPOCTPAHSABALIN C€ CHCTOSHHS, KOETO
MO3BOJIsIBA 3a0aBEHOTO AaKTHUBUpPAHE W HEPa3MpPOCTPAHSABALIOTO CE€ MOBEACHHME Jaa Obaar
npejncTaBeHu u3puuHo. durypara € BKIIOUYEHA KAaTO KOMIIAKTEH IMPEACTABUTENEH NPUMED,
3amoto Hoaxy komMmapTMeHTHUTE TpaduKd BOJSAT JO CHIIOTO HMHTEPIPETATUBHO
3aKJIIOYEHHE C T0-Majka TMpeAeNHa I[oy3a; MoApoOHuTe TpaekTopuun Ha Hoaxy
KOMIIAPTMEHTHUTE CJIEOBATEITHO MOTaT Ja OCTaHaT B JONBIHUTEIHUS MaTepHall, BMECTO Aa
3aeMar JONBJIHUTEIHO MSCTO B IJlaBaTa ¢ OCHOBHUTE pe3ynrtaT. JombiaaurenHun Hoaxy /
OSoMeNet koMmapTMEeHTHH TpexoaHu rpapuku ca npenacrasenu Ha @urypu H.8 u 1.9 ot

[Tpunoxenue H.
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Pe3ynrarsT OT cpaBHEHHETO Ha MOJENIN CHILO Taka M3siCHsABa Kak Paznen 3.5 moakpens no-
IIMPOKUS apryMeHT Ha Jucepranusta. TpaHcGopMaTOpHOTO OTKpUBaHE HUACHTU(dULIpa
KaHJIUJaT-ChAbpKaHUe Ha (aIIIMBA HOBUHH, IOKATO TEMIIOPATHO-MPEKOBHUSAT CJION TTOKa3Ba
Jlalid TOBa ChAbpKAHKE Ce pa3BUBa B HabOoJaeMa Kackana. EnuaeMUuHusT cIoii ciiel] ToBa
TECTBA JAJM noydeHara Iy, (t)kprBa Moke 1a ObJic pEeKOHCTpyHpaHa upe3 mpocra 6a3oBa
JMHUA WK T € HeoO0XoIuMa JIOIbJIHUTEIHA JIaTeHTHA TU(Yy3u0oHHA CTpyKTypa. U B 1Bara
emnupuynu ciaydass SEIZ ocurypsiBa mo-cuiHata OCHOBa 3a TO3M MOCT, 3aIIOTO 3ara3Ba
HabJr0aBaHaTa KyMyJlaTUBHA TpaekTopus nmo-edexktuBHO oT SIR u octaBa nHTEpHpeTHpyEeM

3a ITI0-KbCCH IT10CJICABalll aHaJInu3.

3.6 Pesyaratu ot ABC u ABC-SMC un3Boau

Paznen 3.6 mpencraBs u3BoA, CboOpa3eH ¢ HeompezeneHocTTa. Bmecto na ce pa3uuTa Ha
ennH Bektop or mapamerpu, ABC m ABC-SMC omensBar o6iacTd Ha IOCIIEABAIIUTE
napaMeTpu, KOUTO Morar Jia reHepupaT CUMYJIMpaHU KacKalu, OJU3KU 10 HaOII0aBaHUTE
0000miennsi. ToBa € OT CBIIECTBEHO 3HAYCHME, ThH KATO EKCIO3MIUATA, CKEITUIM3MBT H

KopeKnusTa ca CaMO 4YaCTUIHO Ha6J'IIO,I[aeMI/I.

3.6.1 HacTpoiika Ha uH(epeHIIMATHUA U3BO U ANIOCTEPUOPHA OLIEHKA

Pesynratute oT amoctepropHaTa OLIEHKA MNPEJOCTaBAT NPHUETH IMapaMeTpH, TOCTOBEPHU
MHTEpPBAJIM U CPABHEHUE MEXKIYy OCHOBHUTE EMIIMPUYHHU Kackaau. bailecoBute pesynrartu
MOKa3Bar, 4e HIKOJKO KOMOMHAIMM OT MapaMeTpu Morar ga ObaaT MpaBaonoAo0HH, KOETO

orpaBaaBa OTYUTAHCTO Ha HCONPCACICHOCT, a HC Ha ACTCPMHUHUCTUYHU KOG(l)I/IIII/ICHTI/I Ha

TQy3us.
Ta6auna 3.10. HabmonaBanu kackaaHu 0000IIEHH CTATUCTHKH, W3Moa3BaHu 3a ABC u3Boj
Ha0op ot nanuun Kpaen uxos Bpbxl ey Bpeme no
pa3mep AeH AOCTHTaHe Ha

MUK

TBbpaeHue 32 (paaINBY HOBUHH 32 95 599 179 5892 179

COVID-19 B Twitter/X

H3mama / OSoMeNet TebpaeHue 3a 149 079 115 4 660 115

»TPM MWJINOHA ry1aca®

”Isim(“e)_lobs(t)nz
”Iobs(t)llz

dABC (9) = Wcurvedcurve(e) + Wsumdsummary(e)' Weurve > Wsum (32)

VYpasuenus (3.1) u (3.2) nedbunupar pascrosauero mno ['masa 3 ABC: HECHOTBETCTBHETO Ha

dcurve ) = (3.1)

TpaeKTopusiTa € KOMOMHHPAHO C HECHhOTBETCTBUE Ha 00O0OIIEHaTa CTATUCTHKA, KaTo IO-

roJjisiMa TCKCCT CC JaBa Ha IIbJIHATA KpUBA.
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Tabuuma 3.11. O6061menue Ha nocneasamure oueHkd 3a ABC-SIR u ABC-SEIZ

Ha0op or | Mozaea Yacruuu | CpeaHo TonepantHoct  KinouoBu napamerpu

JaHHU pa3cTosiHHe

COVID ABC-SIR | 300 0,175 0.186 B=0,195; y=0,102; Ro=1,92

COVID ABC- 400 0,071 0,092 p=1.076; b=.129; p=.698; 1=.0915;
SEIZ vy=271; 6=399

H3mama ABC-SIR | 300 0,060 0,075 B=0,055; y=0,005; Ro=10,6

H3mama ABC- 400 0,055 0,064 B=0; b=2.000; p=.0118; 1=.0359;
SEIZ £=.0428; y=.0086

3.6.2 [locTepuopHa NpeIMKTUBHA BaJIUIANUSA

[ToctepuopHaTa mporHo3Ha BaIKIAIMs OLICHSBA Al MPUETUTE MapaMeTpu Bh3IPOU3BEXKIAT
HaOJII0/IaBaHUTE KPUBU Ha pasnpocTpaHeHwe. 3ama3eHutre (urypu mnokassar, ye ABC-
kanuOpupanute SEIZ cumymanum npenoctaBit mno-uHpopmatuBHa OOBHBKAa Ha

HCOMMPCACICHOCTTA, OTKOJIKOTO CAUHNYHA JCTCPMUHNUCTUYIHA KpHUBaA.

(a) COVID-19 Twitter/X cascade
SIR, SEIZ and ABC-SEIZ fitted cumulative spreading curves: COVID-19
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(b) Hoaxy / OSoMeNet cascade

SIR, SEIZ and ABC-SEIZ fitted cumulative spreading curves: Hoaxy / OSoMeNet
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@urypa 3.10. SIR, SEIZ u ABC-SEIZ ca n3rpaguinu KyMyJIaTHBHU KPUBH Ha Pa3NpOCTpaHEHHE Ha (halIIuBI

HOBHMHHU 3a AIBETC CMITMPUYHU KaCKaInu
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Comparison of Error Distributions for Different Models

= SIR Model
SEIZ Model
120 A = ABC-SEIZ Model (Proposed framework)

2: j —

0.025 0.050 0.075 0.100 0.125 0.150 0.175 0.200
Relative fitting error

=

o

o
L

=]
o
s

(=1
o
s

Probability density estimate
F=3
o

@urypa 3.11. Pasnpenenenus Ha rpeumikure npu anpokcumarus 3a mojenu SIR, SEIZ u ABC-SEIZ.

@urypa 3.11 cpaBHsABa pa3npezeseHusATa Ha TPEHIKUTE MPU HAlaCBaHE MEX]Y pa3IMYHHUTE
mozenu. ABC-SEIZ naBa Hali-TACHOTO pa3mnpeeiieHrne U Hali-HUCKaTa o0I1[a TperiKka, JOKaTo
SIR e u3MecTeH KbM MO-TOJIEMHTE TPEIIKH PpH peKoHCTpyKuusTa. CiemoBaTeHo (urypara
no0aBs HOBHM JIOKa3aTelCTBa OTBBJ €IWHMUYHATA TPAEKTOpHUA, 3aloTo 00oO0IIaBa

cTaOMIIHOCTTA HA HAMAJIIBAaHETO HA TPCHIKUTC MTPH MOCIACABAIIN TPCACKa3Balllkd CUMYJIAllUH.

3.6.3 ABC-SMC koHBepreHuus 4 KaJuOpupaHe Ha MPOrH03ara

ABC-SMC mnonoOpsiBa KanuOpupaHETO 4pe3 NMPOTPECHBHO HaMajsBaHE Ha ToJepaHca H
KOHIIGHTpUpaHEe Ha 4YacTULUTe B INO-700pe HamacBamu ce oOmactd. J[laHHuTe 3a
KOHBEPI'€HIIMS U TIPOTHO3a MTOKAa3BaT, Y€ arloCTePHOPHOTO MpEeICKa3BaHe € Hali-TI0JIe3HO KaTo
MHCTPYMEHT 3a KpPaTKOCpPOYHA  HEOIpPEJEeNIEHOCT, OTKOJIKOTO Karo JABbIrOCpOYHa

ACTCPMUHUCTHYHA ITPOTHO34A.

Tabmuna 3.12. O606menne Ha kouBeprennusita ABC-SMC 3a mozena 3a pasnpocrpanenne Ha (anmmsu

"Hosuuu SEIZ

HaGop ot nanuun Ilokonenus Hauauno € Kpaiino ¢ Kpaiino
pa3crosiHue

COVID 4 0.30 0,092 0,070

H3mama 4 0.18 0,063 0,055
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(a) COVID-19 Twitter/X cascade
ABC-SMC convergence: COVID-19 real Twitter/X fake-news cascade

0.304 —8~ Tolerance epsilon
~&— Mean accepted distance

0.254

0.204

Distance / tolerance

ABC-SMC generation

(b) Hoaxy / OSoMeNet cascade
ABC-SMC convergence: Hoaxy / OSoMeNet "Three million votes" fake-news cascade

0.184 —8~ Tolerance epsilon
~#~ Mean accepted distance

Distance / tolerance

ABC-SMC generation
@urypa 3.12. [Ipodunu Ha kouseprenims ABC-SMC 3a kackagute COVID-19 u Hoaxy / OSoMeNet.
@urypa 3.12.(a)(b) nokaszsa, ue ABC-SMC nporpecuBHO HaMmaisiBa MPUETUTE Pa3CTOSIHUS
npe3 IMOKOJICHHUATa, KOETO IOKa3Ba CTa0MIIHA ITOCTONEpHOpHA KOHBepreHnwus. lIpodunbT
Hoaxy e mo-cternar no mocieiHoTo nokosenue, nokaro npodguiast COVID-19 ocrasa mo-
IIMPOK, Thi KAaTO TMOBTApAIIMTE ce M30JIMIM HAa aKTUBHOCT MPABAT TPAEKTOPHUATA IO-MAaJIKO
penoBHa. ToBa moxakpens usnon3aHeto Ha ABC-SMC karo KainOpoBBYHO YTOUHEHHE
[Ipeid NPOrHO3HUTE U UHTEPBEHIIMOHHUTE aHAJIN3H.

Posterior Predictive Error Comparison
ABC-SEIZ vs ABC-SMC-SEIZ

0.06 — ABC-SEIZ

= 16.4% lower WS ABC-SMC-SEIZ
{—‘u.. 2% lowa Rell2

0.05

0.0463 00460

0.04

0.0213 0.0220
0.02

Normalized predictive error

covID COVID covID Hoaxy Hoaxy Hoaxy
Rel.L2 NRMSE NMAE Rel.L2 NRMSE NMAE

@urypa 3.13. CpaBHuTenHa aroctepropHa npenackassamia rpemrka Ha ABC-SEIZ u ABC-SMC-SEIZ B nBete

OCHOBHHM EMIIUPHUYHU KaCKaJau OT q)aHH.II/IBI/I HOBHHU
®urypa 3.13 mokas3Ba, 4e MOCIECIOBATEIHOTO KalHOpHpaHEe HamalsiBa HOPMaTH3HPAHHUTE
TPENIKK TIPH TPOTHO3WpaHe W 3a JBeTe Kackamu. 3a ciydas COVID-19, ABC-SMC-SEIZ
HamassiBa oTHocuTenHara L2 rpemika ¢ okono 16,2% B cpaBaenune ¢ ABC-SEIZ. 3a cinyuas

Hoaxy cboTBeTHOTO HamaneHue e okono 16,4%. Ilogpo6uu croitnoct Ha RMSE u MAE ca
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npeaoCTaBCHU B HpI/IJIO)KeHI/Ie D, JOKAaTO OCHOBHHUAT TCKCT 3alla3Ba CaMO CPaBHCHHUCTO,

CBBP3aHO C pe3yNTaTuTe.

Out-of-sample short-horizon posterior predictive forecast of /.yn(t)
A. COVID-19 real Twitter/X fake-news claim
= Observed training Iy (t)
Observed held-out fyyit)

150000 1 = ABC-SHC-SEIZ forecast median
95% predictive interval
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®urypa 3.14. Kparkocpouna nporHosa 3a kackagure COVID-19 u Hoaxy / OSoMeNet, 6a3upana Ha ABC-

SMC-SEIZ u u3BbH U3BagKaTa

@urypa 3.14 oueHsiBa KpaTKOCPOYHOTO MPOTrHO3MpaHe M3BBH M3BajkaTa. KanuOpupanHust
monien ABC-SMC-SEIZ cnenBa HabmiofaBaHaTa TEHJIGHIMS HAa HACHUILAHE, BBIIPEKH 4e
nporuozara 3a COVID-19 mnoameHsiBa KbCHHSI pacTex. Pe3ynrarsT Tmoka3Ba, de
KaquOpupaHata pamMKa MOAIbpXKa OrPaHUYEHO KpPAaTKOCPOYHO TPOTHO3MpaHE NpHU

HECUTYPHOCT.

3.7 AHaJIu3 HA CLEHAPHUHM 32 HHTEPBEHLUS

Cuenapuunre 3a UHTEPBEHIIMS CPABHIBAT Pa3BEHUYABAHETO HA HECHOTBETCTBUSA, HAMAJISIBAHETO
Ha BUJUMOCTTA U PAHHOTO KOMOMHHPAHO CMEKYaBaHe MpH KanuOpupana auHamuka Ha SEIZ.
Pesynratute nmoakpensT HUHTEpHpeTanus, YyBCTBHUTEJIHA KbM BpPEMETO: paHHATa
KOMOMHHMpaHa WHTEPBEHIUS HaMalsBa OBACIIMS KyMYJIaTHBEH CIHpel MO-e()eKTHBHO OT
OTJIO)KCHUTE KOPEKIIMOHHHM JCHCTBUA. Te3u cleHapuu ca OasWpaHu Ha MOJEIH
KOHTpadaKkTyaTHH CIEHapUH, a HE NPUYMHHO-CIICJCTBEHH OIICHKHM Ha IIaTGopMeHo-

ITOJIUTHYCCKH aCIICKTH.

Asmopegpepamu na oucepmavuu 2026 (10) 57-122



115 Kpmucren Byna

Ta6muua 3.1 3. Kparko 00001menne Ha crieHapusi 3a KOHTpadaKkTyaaIHa HHTEPBEHIHS IPU U3X0AHO HUBO Ha

HaOop ot nanHu

TBbpAeHHE 32
(asmuBu HOBUHHU
3a COVID-19 B
Twitter/X

H3mama /
OSoMeNet
TBbpaeHue 3a
»TPH MIJIHOHA
rjaaca“ - pammusa

HOBHHA

nocrepropHa meauaHa Ha ABC-SEIZ.

Haii-cuanusar
cueHapuii 3a
pa3BeHYaBaHe
Panno
pa3BeHUYaBaHe -
CUJIHO: KpaitHO
Ieum (£)= 64 695;
MUK [y (8)= 343;

23,9% HamasBaHe

Ha KpalHUs pa3Mep.

Panno
pa3BeHuYaBaHe -
CUWJIHO: KpailHO
Loum (£)= 135 071;
UK ey (£)=1
926; 6,1%
HaMaJIeHHe Ha

KpaiHus pa3mep.

3.8 UnTerpupana qUCKyCHA

Cuenapunii ¢ Haii-
CHJIHA BHIAMMOCT /
cMeKYaBaHe
Panno
KOMOWHHPaHO
CMEKYaBaHe:
KpaitHo I, (t)=
55 862; nux

Inew (t)=327;
34,2% namanenne
Ha KpaiHus

pasmep.

Panno
KOMOUHHPAHO
CMEK4YaBaHe:
KpaitHo Iy, (t)=
119 984; nmuk
Lhew (t)=1584;
16,6% HamalieHue
Ha KpalHUs

pasmep.

JonmbJHUTEIHA

neyajdoa

8 833 mo-mamnko
KpallHU aKTUBHU
Pa3npOCTPaHUTENN
B CpPaBHEHHE C Hall-
CHITHHS CLIEHAPHH
3a pa3BCHUYaBaHE;
+10,3 mporeHTHH
ITyHKTa B
HaMaJliBaHEeTO Ha
KpalHus pa3mep.
15 087 mo-manko
KpallHU aKTUBHU
Ppa3npOCTpaHUTENIN
B CpPaBHEHHE C Hail-
CHIIHHSI CLIEHApH
3a pa3sBCHUYaBaHE;
+10,5 npoueHTHH
IIyHKTa B
HaMaJIsIBaHETO Ha

KpaiiHUs pa3mep.

OcHoBHA

HHTepnpeTanus

MHuorokparHara
kackazma ot COVID-
19 e Haii-moje3Ha,
KOTaTo
KOPHTHPAIIUTE
edexTu ce
KOMOWHHpAT C
PaHHO HaMaJIsiBaHEe

Ha BUAUMOCTTA.

Kackanarta ot
IIOJIUTUYCCKHU
(ayIIMBY HOBUHU €
Mo-CJ1a00
YYBCTBUTEIHA KbM
MPOMEHH, CBbP3aHH
camo ¢ KOPEKIUH, 1
M0-CKOPO KbM
paHeH KOHTPOI Ha
BUJINMOCTTA U
penenHoTo

ns3jiaraHe.

WuTerpupanata JUCKYCUs CBbp3Ba E€MIUPUYHMTE cjoeBe. TpaHChOpMATOpPHUTE MOJAEIH
MIPEAOCTABAT HANEKIHU OLICHKH 34 PUCK OT ChABpXKAHUE, TEMIIOPATHUTE KaCKaaH I10Ka3BaT
Jlalld TOBa ChIbpXKaHHE CcTaBa colMalHO akTUBHO, SEIZ mopoOpsiBa umHTEepmperanusra Ha
ABC-SMC

HeomnpezeneHocT. ba3oBusaT QyHKIMOHAN 3a AUQY3USI-PUCK € TOJE3€H, 3all0TO IpaBU

JIMHAMHMKAaTa Ha  pa3lpoCTpaHeHHe, a OpPEeOCTaBs  alocTepHOpHA
BpB3KaTa MEXIy BEPOSTHOCTTA 3a ChIbpXKAHHE, TEMIIOPATHOTO YCHUJIBAHE W OYAKBAHUS
armoCTEPHOPEH PACTEK U3PUIHA.

Pesynrarute OT TeMIOpaIHUTE MPEXKHU MPEIOCTABIT TO3M BTOPU CJIOH J0Ka3arenctsa. Upes
npeoOpasyBaHe Ha M30paHU TBBPIACHUS 33 (DATMIMBH HOBHHHU B Ineyw (1), Ioym(t), HacoueHn
norpeOuTencku pebpa, XbOOBE, peNeHHM TOTPEOMTENM W MOJEIM Ha TEeMIIOpalHa

JOCTBITHOCT, TJIaBaTa MOKa3Ba KaK PUCKBT OT AudYy3us cTaBa HaOmogaeM. TBBpICHUETO 3a

Asmopegpepamu na oucepmavuu 2026 (10) 57-122



Basupano Ha TparncdopmaTopy OTKpUBaHE W aHAJN3 HA IMUIEeMUIHUSI MOAe] HA TuHAMUKaTa ... 116

peannu ¢anmuBu HoBUHU OT Twitter/X 3a COVID-19 u TBbpAeHuETO 32 QanmruBUTE HOBUHH
ot Hoaxy / OSoMeNet ,, Tpu MmimoHa riaca ca Hal-CHUIHUTE eMITMPUYHU CIIyYaH, 3aII0TO
OCUTYpsIBaT JOCTaThbuHA TEMIIOPAIHA CTPYKTYpPA 3a €MUAEMUYHO MOAEIUPAHE U NTOCIIEBAIIN
u3Boau. JIOMBJIHUTENHUTE Ciay4dau, UMOOpPTUpaHu OoT Hoaxy M CHHTETUYHHM anbOaHCKH,
OCTaBaT I0JIE3HU 33 CPABHUTEIHA U BAJTUAALMOHHO OPUEHTHpPaHA UHTEpIIpPETaLus, HO TE HE
ce TpeTupar KaToO eKBHUBAJCHTHM M3BOJAHM JIOKA3aTeJCTBa 3a 3aKJIOYCHHSITa Ha
untepBennuiara ABC/ABC-SMC.

ABC u ABC-SMC noacunBar aHainv3a, Karo OTAajJedyaBaT AUCEpTAlUsITa OT OIECHKUTE Ha
€IVMHUYHU JETePMUHMCTUYHM mnapameTpu. Ilocmegnure pesynraTd  1oOKas3Bar, 4e
napaMeTpuTe Ha pa3NpocTpaHeHue Ha (aialuBH HOBMHU TPSOBA Ja Ce MHTEPIPETHPAT C
HECUTYPHOCT, OCOOEHO KOraro KacKaJuTe€ ca UIYMHH, HEIBJIHM WIM MHOIOKpPaTHO
m3purBamu. ABC npenocraBs 0e3BepOsITHOCTHO HAIlpaBJICHHUE O MPaBIONOA00HH 00JIacTU
Ha napamerpute, nokato ABC-SMC ycpBbpIIEHCTBAa TO3U IPOLEC Ype3 IOCIET0BATEIHO
HaMaJsiBAaHE Ha TOJEpaHCa W MOA0OpsBa MOCTEPUOPHOTO TMPEACKA3BalI0 KanuOpHpaHe.
[TporHo3ata 3a KpaTbK XOPU3OHT Iy, (t)I0MBIHUTENHO MOKa3Ba, ye Kaaubpupanara SEIZ
CTPYKTypa MMa Ipe/icKa3Balla CTOWHOCT OTBBJ PETPOCIEKTUBHOTO HallacBaHE Ha KpUBaTa,

BBIIPCKHU Y€ IMPOrHo3ara oCraBa CHGHI/IQ)I/I‘-IHH, 3a XOPHU30HTA U HC TpSI6Ba Ja Cc€ ThJIKyBa KaTo

0e3ycI0BHO IpeCKa3BaHe Ha MaTgopmara.
Proposed Framework Flowchart

3. SIR/SEIZ 4. ABC/ ABC-SMC
Modelling Posterior Inference

1. Transformer
Detection

2. Temporal Fake-News
Cascade Analysis

Parameter uncertainty
estimation

User-to-user
diffusion network

Fake-news claim /
article classification

Baseline SIR

Posterior predictive

Main SEIZ model 5 y
calibration

Content-based datasets e (t) and I, (1)

Credible intervals and
predictive trajectories

Observed spreading-
curve fitting

Cascade structure and
activation dynamics

Probability of fake-news
detection

Integrated thesis logic: detection -> diffusion analysis -> epidemic modelling -> uncertainty-aware inference
—

@urypa 3.15. biok-cxema Ha XuOpuAHATa paMKa Ha KOHBeiepa 1o [1aBa 3 ot oTkpuBaHe Ha (GaIIINBUA HOBUHH,
6asupano Ha Transformer, 70 BpeMeBH KackajeH aHaim3, qudy3uoHHo moxaenupane SIR/SEIZ u mociensai
mBox ABC/ABC-SMC. HHterpmpanata paMka CBBpP3Ba OTKPHBAHETO, BPEMEBHS aHAIN3, EHMHIEMHYHOTO

MoA€IrMpane v mocjieaABalinsa n3B0Ja B €AMHCH KOHBef/'Iep.

A Alcym,c(t,h;0
Riase(e,1) = Br(ro)[1 + 24 (OB _ggue [F2meD] - (33)

VYpasuenue (3.3) npunara 6a3oBus (yHKIIMOHAT HA TU(Y3MOHHUSI PUCK KBM CIy4auTe OT
I'maBa 3, karo KOMOMHHMpa BEPOSITHOCT 3a ChIbpPXKAHWE, BPEMEBO YCWJIBAHE WU OYAKBaH
MIOCTTEPHOPEH PACTEX.

@urypa 3.16 nmoka3Ba KakTO KOHILENTyaJHaTa KOHCTPYKLUS Ha OLIEHKaTa, Taka W JABaTa

emnupuyan npumepa. Cinygante COVID-19 m Hoaxy / OSoMeNet He TpsiOBa ma ce
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CpaBHSBAT KaTO YHMBEPCAJIHH KJIAacallii Ha pHcKa 3a Iuiatdopmara. Te ca cnenuduunm 3a
XOPHU30HTA JIEMOHCTpAIINH, TOKa3Ballld KaK paMKaTa Ha McepTaluara Moxke Ja mpeodpasysa
OTKPUBAHETO, KACKaJHOTO YCHJIBAaHE M TIOCJIEJBAIIUS PACTEK B HOPMAIH3UPAHO 0a30BO

KOJIMYECTBO PUCK 33 U30paHO TBBPJACHUE U BPEMEBHU MPO30PELL.

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 4 growth risk

fake-class probability hubs, relays, reach posterior forecast normalized score

P t
f,l:rnu L(t+h|6) e‘f,f_ﬂ]{l L(s) ds
N(‘

[ R = By(xe)(1+ Me(0) Eo

COVID-19 Twitter/X fake-news claim Hoaxy / OSoMeNet “Three million votes”

Detection p ¢ Detection p ¢ 0.963
Amplification A(t) Amplification A(t) 0.0273
Forecast growth D3 Forecast growth D3g 0.1980

Baseline score R_30 Baseline score R_30 ~ 0.196
\

Illustrative 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.

®urypa 3.16. OneparuBHa geMOHCTpalys Ha GYHKIMOHAIHO CBbp3BaHe Ha 0a3oBaTa GyHKLU 3a 1Udy3us Ha
(hayIMBY HOBUHH M PHCK OT rocie/Bamia audysus, TpaHchopMaTopHO OTKPHBAHE, YCUIIBAHE HA TEMIIOpaIHATA

Mpexa 1 porHoszupan pactex 1o ABC-SMC-SEIZ 3a nBete 0CHOBHU €MITUPUYHH KACKa M

brnoxbT Transformer mpenocraBsi BeposiTHOCTTa 3a (hanmMBU HOBHUHHU, OJOKBT temporal-
network mpemocraBs ycunBane, a OmokbT ABC-SMC-SEIZ mnpenocraBs odakBaHUS
MIPOTHO3EH PACTEeX. YMHOKABAaHETO Ha Te3W KOMIIOHEHTH JlaBa 0a30Ba OILEHKA 3a PUCK OT
nocieBaa qudy3us 3a u30paH NPOrHo3eH Xopu3oHT. Purypara nosicHsBa, Ye OLEHKAaTa He
€ JOIBJHHUTENCH HEBAIUAMPAH MOJET;, TSI € KOMIIAKTEH MOCT MEXIy EMIUPUYHHUTE

pe3yiiTaTu, BEUC ICHCPUPAHU OT I'JlaBaTa.

3.9 Pe3ome Ha ri1aBaTa

I'maBa 3 oTroBapsi Ha u3CIENIOBATEICKUTE BBIPOCH eMOupuyHo. TpaHchopmaTopHUTE
MOJIENIN Ce MPEJCTaBIT J0Ope, HO 3aBUCAT OT THIA HAa TEKCTa M €3HMKa; TEMIIOPATHHUTE
Kackaau ca HeoOxomumu 3a nudyswonnus ananus; SEIZ ce momoOpsiBa copsimo SIR 3a
ocHoBHuTe Kackaan; ABC/ABC-SMC konuyecTBEHO oOmpezens HEONmpeAeleHOCTTa Ha
rapaMeTpuTe; a CIICHApUUTE 3a MHTEPBEHIIMS MMOKa3BaT Kak KaJuOpupaHaTa paMKa MOXeE Ja

MOATIOMOTHE MMPCATIA3JIMBUA aHAJIN3 Ha PUCKaA.
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Tabmnuna 3.14. O0o01eHne Ha JOKa3aTeICcTBaTa 110 U3CJIEA0BATEICKUTE BbIIpocH 3a ['nasa 3

PK Hoxka3arescrBa B ['1aBa 3 3aki0uenue

PK1 Paznen 3.3; Tabmumn 3.2-3.7 u @urypu 3.1-3.5 IIpou3BoaAUTETHOCT Ha
TpaHcdopMaropa B pa3iniHu HabopH
OT JJaHHU

PK2 Paznen 3.4; Tabmuun 3.8-3.9 u @urypu 3.6-3.7 PexoHCTpynpaHu BpeMeBH KacKai

PK3 Paznen 3.5; Tabmuma 3.10 u @urypn 3.8-3.9 SEIZ B cpaBHeHue cbe SIR

RQ4 Paznen 3.6; Tabmwmu 3.11-3.13 u @urypu 3.10-3.14 | OreHeHa HEONPEIEICHOCT Ha

ABC/ABC-SMC
RQ5 Pazmemn 3.7-3.8; Tabmuma 3.14 u @urypu 3.15-3.16  ITokaszana e mocieaBaiia mporuosa u

JIOTMKA Ha UHTCPBCHIIU A

I'nasa 4. 3akiovenne - 00001IeHNE HA MOJYYCHUTE Pe3yJITATH

I'maBa 4 cuHTe3upa pesyaTarure OT auceprauusaTa. Jlucepranusara IEMOHCTpUpA, 4e
aHAJIU3BT Ha (DaIIIMBUTE HOBUHHU € [TO-CUJIEH, KOraTO TEKCTOBOTO OTKPUBAHE, TEMIIOpAIHATA
nudy3us, eNUIeMUYHOTO MOJIETIUpaHe U OaliecoBaTa HECUTYPHOCT ca KOMOMHHUpAHU B €HA
npociieauMa pamka. Pamkata He mpereHauMpa Ja HM3MepBa YacTHUTE YOeXIEHHs WU
peayiHuTe ePEeKTH Ha MOAECPUPAHETO; TSI MPEAOCTaBsl BBH3IPOU3BOIUM aKaJeMHUEH METOJ 3a
CBBP3BAaHE HAa PHUCKA OT ChABPKAHME C KAaCKaJHO MOBEJEHHE M IOCIEABAIA IIPEICKa3Balla

HECUTYPHOCT.

3aka0ueHus Ha aucepranuaTa

3akirodeHuaTa ca opranusupanu cbrmacHo RQI-RQS5 u cuHTe3upar pokaszarencTBaTa Ha
aucepTaiusiTa, 6e3 aa moBTapsAT moApooHUTE pe3ynaraTu ot ['nasa 3.

RQ1. Tpanchopmatopaute Moaenu ¢GopMupar CWICH ABOUYEH CIOW 3a OTKpHUBAaHE Ha
(¢anmvBH HOBUHU. EKCIEpMMEHTHTE TOKa3BaT HAJACKIHA IMPOM3BOJAMTEIHOCT Ha Kiaca
¢anmuBu HOBUHU B KpaTku nybnukanuu 3a COVID-19, apnaru cratuu, ne3uHdopmanus B
3/IpaBeoIa3BaHeTO U a0aHCKU JaHHU C HUCKU PECYpCH, KaTo Hail-moOpaTa apXuTEKTypa
3aBHCH OT IBJDKMHATA HA TEKCTA, €3UKa U JIOMEiHa.

RQ2. ComumanHusaT puck HE MOXKE Ja € U3BEIe CaMO OT BEPOSTHOCTTA 3a (HaJIIMBA HOBUHH.
Hacouenute kackaau ¢ BpeMeBu otnedarsi, | new(t), I cum(t), pas3mepbT Ha Kackaiara u
BpEMETO JI0 JOCTUTaHE Ha NHUK CBBpP3BAT TEKCTOBAaTa JIOCTOBEPHOCT € HaOII0gaeMO
pasnpocTpaHeHue.

RQ3. SIR e mone3en karo mpo3paunHa Oa3oBa ymHHSA, HO SEIZ e mo-mogxomsmy 3a
pasmpocTpaHeHne ~ Ha  GaNMMBA  HOBUHH, ThH  KaTO  EKCIIOHUPAHUTE U

CKETITHYHU/HEPA3NPOCTPAHIBAIIIA CE€ CBHCTOSHUS TPEJCTABIsABAT 3a0aBsHEe, KojeOaHWe u

Asmopegpepamu na oucepmavuu 2026 (10) 57-122



119 Kpmucren Byna

kopekuus. CnenoBatenHo SEIZ o0sicHsiBa 10-700pe HEPEJOBHUTE W MHOTOKPATHUTE
KaCKaJu.

RQ4. ABC wu ABC-SMC nmpenoctaBAT HEOOXOAMMHTE  W3BOAM, OTYHTAIIA
HEOIIPEJIJICHOCTTa, 3a YacTUYHO HAOJIOJaBaHM Kackaau. Te oOLeHsABaT IOCIeIBalIuTe
o0iacTH 3a mapaMeTpuTe Ha IpelaBaHE, BH3CTAHOBSBAHE, €KCIO3HMIMS U CKENTHIM3BM,
BMECTO J1a pa3uyUTaT Ha NIPEKaJICHO YBEPEHU AETEPMUHUCTUYHH ChIIOCTABKHU.

RQS5. MWurerpmpanara pamka ,, Tpancopmarop-BpemeBa-mpexa-ABC*  moakpens
IPENasiuBO Pa3ChXAECHUE, OPHEHTUPAHO KbM uHTepBeHUMA. KoHTpadaxryamHure
pe3yaTaTu MoKa3BaT, Ue PaHHOTO KOMOMHHMPAHO CMEKYaBaHe € M0-e()eKTUBHO OT 3a0aBEHUTE
WIA CaMO KOPUTHpAIlU JEHCTBUSA, KaTO ChIEBPEMEHHO OCTaBaT KOHTPOJIHUPAHU CUMYJIAIUH,
a HE OLICHKU Ha NPUYMHHO-CJIEJCTBEHATAa MOJINTUKA.

B cunre3, 6a3oBuTe amocTepuOpHU (YHKIMOHATHM BPB3KM MEXIy Iudy3uara Ha
¢danmuBUTe HOBHHM W pUCKa OT AU(y3usi 00eAMHSABAT BEPOSTHOCTTA 3a TpaHCHOpMAILHS,
amMIuIMpUKalusITa Ha TeMIopajlHaTa Mpeka U nporHo3Hus pacrex Ha ABC-SMC-SEIZ B
€/lHa OJUTHpaeMa BeIU4MHA Ha pucka. OCHOBHUTE OTpaHUYEHUs Ca, Y€ BEPOSITHOCTUTE Ha
MoJies1a He ca a0COJIIOTHM MPELEHKHU 3a MPOoBepKa Ha (paKkTUTe, CIOAEIIHETO Ha HAabI0jaeMu
JTAaHHU HE J0Ka3Ba JOCTOBEPHOCT, CKpUTUTE ChCTOsiHUS Ha SEIZ ca MojenHu 3aMeCcTUTENH U

MOo-mMKUpOKaTa BaIuAalvA U3NCKBA II0-PCaJIHA KaCKaau, 0co0eHO Ha aI0aHCKH.

bbaema padora

bovnemara pabora 6u TpsiOBasio 1a BaMIMpa paMKaTa BEpPXY MO-TOJEMHU B TTO-pa3HOOOpa3HU
Kackaad OT peallHus CBAT, OCOOEHO B pa3IMYHU €3UllM, TaThopMud U o0NacTu Ha
)ICSI/IH(i)OpMaHI/H[. I[OHT)J'IHI/ITCJ'IHI/I PpasmMpCHUA BKIOYBAT no-6oratu JaHHHU OT TEMIIOPATIHU
Mpexu, Moaenu 3a TrpadoBo oOydeHHE, MO-CHUJIHA MPUYUHHO-CJIE/ICTBEHA OIlCHKa Ha
WHTEPBEHIIMHTE, HEBPOHHA allOCTEPUOpPHA OIEHKA M PEeaHH al0aHCKU Ha0OpH OT JaHHHU 3a

TeMIopaiHa JuQy3us.

IIpuHocu Ha qucepTALUATA

Ta3u nucepranus UMa ClIeIHUTE HAYYHHU U METOJOJIOTUYHH IPUHOCU MTPU OTKPUBAHETO U
aHaJIM3a Ha Pa3NpOCTPAHEHUETO Ha (aJIIMBH HOBHHHU.
1. IlpemioxxeHa € M € OLIEHEHAa WHTETpUpAaHa paMKa, KOSTO CBbp3Ba 0Oa3upaHo Ha
TpaHchopMaTopu  OTKpHBaHE Ha  (QallIMBM HOBUHM, BpeMeBa KacKaJaHa
pexonctpykmusi, SIR/SEIZ  emmpgemmuyno wmomemupane u  ABC/ABC-SMC

arnoctepuopHa MH(epeHuus. [IpHHOCHT ce ChCTOM B TPETHPAHETO Ha (halIIuBUTE

Asmopegpepamu na oucepmavuu 2026 (10) 57-122



Basupano Ha TparncdopmaTopy OTKpUBaHE W aHAJIN3 HA IMUIEeMUIHUSI MOJAe] HA nuHaMurara ... 120

HOBHMHHU KaTO MPOIIEC OT ChIBbPKAHUE KbM KacKasa, a HE KaTo M30JHpaH MpodJieM C
KJacu(UKalKATa HA TEKCT.

2. YcTaHOBeHa € fCHAa METOJOJOTHMYHA TpaHUIA MEXIy HaOOpUTe OT JaHHH,
U3MOJI3BAaHU 332 OTKpHBaHe Ha OWHapHU (anlluBU HOBUHHU, U HAOOpUTE OT JaHHH,
W3IONI3BAHM 33 MOJEIMpaHe Ha TemmopaiHa udy3us. ToBa pasrpaHHuCHHE
MPeIOTBPATABA HEMPABUIHOTO THIKYBaHE Ha PE3YNTATUTE OT KiIacu(UKaIMsATa caMo
10 ChAbpKAHUE KaTO €MUIEMUYHH WU KaCKaHH JI0KA3aTeICTBA.

3. B mmcepranmsra ca BHeapenu u oneHeHn BERT, RoBERTa , BigBird , mBERT u
XLM-RoBERTa B kpaTku TEKCTOBE, IBJITM TEKCTOBE, 3/1paBEONA3BAHE M HUCKO-
pecypcHH anbaHCKM HAa0OpW OT JaHHH 3a (anmuBu HOBUHU. [lomydeHUST BeposT-
HOCTEH pe3yJTaT 3a (ajllliiBU HOBUHHU CE€ M3IO0J3BAa KaTO CUTHAJ 32 PUCK OT ChAbBp-
KaHKe, KOUTO MOAKpEIs MPexo/ia OT OTKPUBAHE KbM BPEMEBHU KacKaJIeH aHalu3.

4. TewvpaeHusita 3a ¢anmuBH HOBUHHU Osixa Ae(QUHUpPAHM KaTro HACOYEHHU, BPEMEBO
MapKUpPaHU TEMITOPATHH KaCKaJu U U3BIMYAT KIIOUOBU AU(Y3HOHHU BETUYMHHU, KaTO
HalpuMep  HOBH  AaKTHBHU  Pa3slpPOCTPAHHUTENH, KyMYJIATUBHH  aKTHBHH
pasnpoCcTpaHUTENH, pa3Mep Ha KackajaTta, BpeMe /10 MUK U 00XBaT Ha Mpekara. To3u
MPUHOC OCUTYpSIBA EMIIMPUYHHS MOCT MEXIY OTKPHBAHETO Ha CBABPKAaHUE WU
MO/JICJIMPAHETO B €MHUIEMUYEH CTUIIL.

5. Cpauennero mexay moaenute SIR u SEIZ BbpXy OCHOBHUTE EMIUPUYHHU KaCKaIH
oT ¢anmMBy HOBMHHU mokasa, ye SEIZ mpenocraBs mo-mOAXOAALIO MpeACTaBsHE,
KOraTo ca OT 3HaueHHWe 3a0aBeHO W3jJaraHe, KojecOaHHEe, CKENTHUIM3LM WIH
HepasnpocTpaHsaBailo ce nosejaeHue. SIR ce 3anma3Ba karo nmpo3pauHa 6a3oBa JTUHMS,
nokato SEIZ ce n3nomn3Ba KaTo OCHOBEH MOJIEN Ha Pa3MpOCTPAHCHHE.

6. Ipunoxenu ca ABC u ABC-SMC 3a olieHKa Ha HECUTYPHU €IUIEMUYHU ITapaMeTpH
OT YaCTMYHO HaOJI0JaBaHM KacKaJu Ha COLUAIHUTE MpeXu. To3M MpUHOC OTBEXa
aHalM3a OTBBJ JCTEPMHUHHCTUYHUTE TOYKOBU OLIEHKH, KaTo Cce€ JOKJIaaBar
arloCTepUOPHU  paslpesiefieHuss Ha  [apaMeTpuTe, JOCTOBEPHH  HMHTEPBAIH,
aroCTEPHOPHH MPEACKA3BaIIH MPOBEPKHU U KATMOpAIMOHHA TUArHOCTHKA.

7. JlucepranusTa BbBEXAa 0a30B (PYHKIIMOHAT HA PUCKA, KOWTO CBBHP3Ba BEPOSITHOCTTA
3a anmmBu HOBMHU OT THna TpaHcdopmarop (Transformer), ammnudukanusara Ha
TEMITOpaJHaTa MpeKa W aroCTEpPHOPHHS IMporHo3eH pactesk Ha ABC-SMC-SEIZ.
OyHKIIMOHATBT HE 3aMeCTBa OTAEITHUTE MOJEIH; BMECTO TOBAa TOH IperocTaBs
MIPOBEPUM MaTeMaTUYeCKH CHHTE3 Ha CJOEBEeTe 3a OTKpHUBaHe, IUPY3US W
arocTepruopeH NHPEPEHINaJIeH U3BO/.

8. 3a ;a ce OLIEHAT ClIeHapuuTe 3a KOHTpadaKTyallHa UHTEPBEHIUS, B JUCEpTALUATA Ce

U3IMONI3Ba  KanuOpupaHata JU(Y3MOHHA paMKa, BKJIIOYUTEITHO pa3BeHUYaBaHE,
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HaMaJIsIBaHC Ha BUAMMOCTTAa W PAaHHO KOM6I/IHI/IpaHO CMCK4YaBaHC. HpI/IHOC’bT HEC €
IIPUYUHHO-CICACTBCHO TBBPACHUC 3a pcajlHaTa IIOJIMTHKAa Ha nnaT(bopMaTa, a
BB3IMIPOU3BOAMUMO, 6a3HpaHo Ha MOZCJ, KIIaCUpaHC Ha MCXAHU3MHUTC 3a UHTCPBCHIHA

IIpU U3PHUYHU JOITYCKAHHA.
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