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Agenda

14.00 Prof. Liina Lindström – Welcome 
14.05 Prof. Maciej Eder – Overview of DigiTS Year 1 + Upcoming Activities 
14.25 Thiago Dumont Oliveira – „The French Drama Revolution: Political Economy and Literary Production,
1700-1900" 
14.45 Botond Szemes„Characters and Narratives: Different Approaches in Computational Drama Analysis" 
15.05 Kristiina Vaik – „(Web) Corpora Without Fixed Category Labels: An Alternative Approach" 
15.25 Coffee break 
15.45 Prof. Maciej Eder – „Exploring Text Similarity Measures: New Approaches"
16.05 Sofia Kriuchkova – „Corpora as a Tool for Evaluating Gender Stereotypes in Language Use“ 
16.25 Bhumika Bhattacharyya – „Applying Computational Linguistics Perspectives on Disinformation: State
of the Art, Limitations and Emerging Research Gaps"
16.45 Prof. Liina Lindström – Wrap-up 



https://sites.google.com/view/tdoliveira
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Botond Szemes, szemes.botond@ut.ee

Characters and Narratives
Different Approaches in Computational Drama Analysis



Computational Drama Analysis

Structure
Netwrok-based metrics
Count-based metrics

Language
Style
Topic

How they relate?



Character types

Most research has focused on predefined character groups or types within a
supervised classification framework (e.g., protagonist, schemer, gender, age, social
class).
The aim of this work is to complement these approaches with a bottom-up,
unsupervised method.
Instead of one multidimensional model, the method contrasts netwrok- and count-
based metrics in the frist phase,
and then examine whether the groups formed on the basis of structural
characteristics also display distinct linguistic patterns through keyword analysis 



Character types

Number of words, Number of Speech Acts and Betweenness Centrality
Dominant characters: who speak the most and are also central to the social world of
the drama, 
Connectors: who are central in the social network but do not speak the most,
and Speakers: who have many lines but are less central in the network.



Character types

Case study on Shakespeare: meaningful categories useful for interpretation and comparison
The groups established differ not just based on structural features but linguistically based on
keyword analysis
Speakers can be characterized as characters who articulate themselves and mediate social bonds
primarily through speech. Their language tends to foreground emotional and social expression,
frequently giving voice to inner thoughts and relational concerns, and is oriented toward address
and dialogue. 
Connectors, on the other hand, emerge as characters whose language is more closely aligned with
managing, observing, and coordinating social interactions. Their speech is typically oriented toward
socially functional tasks—such as mediating the external world, enforcing rules, or advancing the
plot—rather than toward sustained self-expression.



Narrative arcs
Compare the comulative changes
of network metrics with arcs
based on sentiment analysis



Narrative arcs



Narrative arcs



Thank you for your
attention!



(Web) Corpora Without Fixed Category
Labels: An Alternative Approach

Kristiina Vaik
Research Fellow in Digital Humanities



Who am I?

- research interests:

- currently a Research Fellow in Digital Humanities 
- education:

– BA and MA in General Linguistics, University of Tartu
– PhD (2024), University of Tartu

- automatic processing of natural language (morphology, syntax, semantics)

- large language corpora and text mining (as a broad term)
- sense of mission: working with the Estonian language



The Core Problem

- automatic classification requires reliable predefined labels

Web corpora have lots of data, but...

-  the composition is unknown

- texts do not fit into the existing genre taxonomies because

- but category boundaries are fuzzy which means that reliably annotated datasets are a
challenge (Suchomel 2020).

- user- and computer-generated content, e.g. blogs, posts on social networks, content
marketing, etc. (Santini et al. 2010),
- the language of LLMs: instruction-tuned models generate text that does not align with
traditional genre conventions (Reinhart et al. 2025).



etTenTen 2023 content

* The TenTen corpus family is a set of comparable web text corpora, i.e. collections of texts that have been crawled
from the Web and processed to match the same standards.



Rethinking the Starting Point

- traditional approaches: classify texts into fixed categories 

- the proposed approach → from discrete categories to continuous functional dimensions
instead of “Which category does this text belong to?” → “What is the communicative function
of this text?”

to convey information? express emotion?

assume the function manifests through a set of co-occurring linguistic features,

develop a language- and corpus-independent framework and model continuous functional
dimensions in multidimensional space



The 12 Dimensional Space

D1 abstractness

D2 affectivity

D3 instructability

D4 information density

D5 spontaneity

D6 formality

D7 impersonality

D8 temporality

D9 interactivity

D10 subjectivity

D11 complexity

D12 argumentativity

These are not categories.
A text is not “formal” or “informal”.

Instead, texts are viewed on a continuum - a text is more or less X. 



Research Questions

(RQ1) do these dimensions exist in actual data?

- annotation study:

- quantitative analysis to determine the linguistic fingerprints

- for consistency: inter-annotator agreement 
- for collinearity and latent factors: correlation and exploratory factor analysis.

(RQ2) if yes, how do they vary linguistically?

- automatic feature extraction
- lexical/textual (e.g., type/token ratio, avg. sentence length, core verbs) and
grammatical (verb categories, parts of speech, subject-object relations) features
etc.

- a subset from the etTenTen corpus (Koppel & Kallas 2022), - a continuous scale Likert
approach: dimension is present in a text strongly, moderately, weakly, or not present at all.



Do dimensions actually exist?

Dimension
subjectivity
affectivity
formality
spontaneity 

α
.76
.74
.63
.6 

Dimension
instructability
interactivity
impersonality
temporality 

α
.47
.46
.42
.4 

Dimension 
complexity
argumentativity
abstractness
information density

satisfactory

α
.38
.38
.33
.25

Overall, the results suggest that these functional dimensions are not arbitrary. They can be reliably identified in
actual data.

substantial and moderate IAA

not great, not terrible
??

fair IAA



Factor 1
verbal vs nominal

Factor 2
Factor 3

Key takeaway: this dimensional space has structure and
these dimensions are not random: they form somewhat

meaningful groupings.



Dimensional Variation?

- all dimensions exhibited a distinct linguistic profile, for example

- interactivity can be characterized by having a smaller vocabulary, using more vocatives and other
features associated with verbal style of writing (e.g., interjections, modal/finite verbs, 2nd prs plural
pronouns (such as ‘teie’ in Estonian));

- temporal texts use less infinite verb forms, more past tense and numerical modifiers (which shows
that sequential order of event happening in the past is important);
- more formal texts use longer words and sentences, and use grammatical features which are more
common for nominal style of writing (e.g., impersonal voice, nouns, nominal modifiers);

- more subjective texts use features which are related to simpler sentence structures, ‘see’ (it)
pronoun and other grammatical features which are more common for verbal style of writing.
- etc.

- most features are shared across dimensions (expected result because linguistic features serve
overlapping communicative functions)

       - especially the AFF-INTER-SPONT-SUBJ vs FORM-IMP-INFO
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CORPORA AS A TOOL FOR
EVALUATING GENDER

STEREOTYPES IN LANGUAGE USE
 Sofia Kriuchkova, junior researcher



Gender Stereotypes and Language

Masculinity → strength, decisiveness, persistence etc.
Femininity → softness, emotionality, politeness etc.
Stereotypes influence:

behavior
profession
language use Examples: 

“Women are more emotional”
“Men swear more”

Gender
Socially constructed
Learned through socialization
Culture-dependent



Corpora

Large collections of authentic texts

Reflect real usage

Allow quantitative analysis

Reduce reliance on intuition



Research Question

Do Estonian men and women speak differently?
What kinds of differences can be observed? 
Why might differences exist?



Research Material
Phonetic Corpus of Estonian Spontaneous Speech (Lippus et al. 2023)

90 recorded dialogues
150 speakers 

73 men
77 women

Recorded between 2006–2022
Natural, everyday conversations.

Unit of analysis:
→ one speaker in one dialogue



Expectations Based on Stereotypes
Women use more probability particles (vist ‘probably’, äkki

‘maybe’ etc.).

Men use more generalising and certainty particles (muidugi

‘sure’, tõesti ‘indeed’ etc.).

Women use more apologies (vabandust ‘sorry’ etc.).

Women use more intensifiers (väga ‘very’, nii ‘so’ etc.).

Women prefer to use more socially acceptable emotional

expressions (jumal! ‘God!’ etc.), whereas men use more swear

words than women do (sitt! ‘shit!’ etc.).

Women use more personal pronouns (mina ‘I’, sina ‘you’ etc.).



I use statistical modelling (generalised linear mixed models with
a negative binomial distribution) to:

compare speakers fairly
control for:

how much they speak
age
recording year
communication setting
gender of the interlocutor

This allows me to test whether differences are systematic.

How the Analysis Works



Results



Results



Conclusion
Overall, gender does matter, but its influence is selective and marker-specific rather

than universal.

Corpora help us:

evaluate widespread social beliefs

distinguish real patterns from overgeneralisations

ground discussions of gender and language in empirical data

They do not explain everything, but they allow us to test assumptions systematically.



Thank you for your
attention!



APPLYING COMPUTATIONAL
LINGUISTICS PERSPECTIVES ON

DISINFORMATION

By Bhumika Bhattacharyya
17.02.26

State of the Art, Limitations and Emerging Research Gaps



WHEN STORIES MISLEAD: WHY THIS RESEARCH 

Fake news spreads faster than facts

Emotional framing drives engagement

Algorithms amplify manipulation



WHY DISINFORMATION IS TECHNICALLY &
SOCIALLY COMPLEX

Not Just “True vs False” 

AI Challenges : Black-box models, data
imbalance (English datasets), low interpretability 

Subtle framing, emotional triggers, cultural
references

Manipulation is linguistic, contextual, and
strategic...not just factual.



TWO LANGUAGES, TWO EXTREMES,
ONE INSIGHT

Geopolitical Context :

India → Large internal misinformation ecosystem
Estonia → Target of foreign information warfare

Tests generalisability, enables transfer learning
Is manipulation language agnostic?

Strategic value :



BUILDING TOOLS THAT UNDERSTANDS HOW
LANGUAGE PERSUADES

High-Quality Data : Building a curated dataset
with real+fake news data

Linguistic modelling : factives, hedges, reporting
verbs, modality, evaluative language

Pipeline :
Data → Annotation → Modeling → Interpretation → Evaluation



FROM RESEARCH TO REAL-WORLD IMPACT

multilingual datasets, framing-aware AI models

Better disinformation detection, media resilience

Small languages + scalable methods = high impact



THANK YOU


