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Abstract

The article presents the results of the study of methods of thematic modelling of texts using the Latent
Dirichlet Allocation (LDA) algorithm for the Ukrainian-language corpus of documents. The proposed
model allows you to automatically detect hidden topics in large volumes of unstructured text data without
prior labelling. The model was implemented in Python using Gensim and pyLDAuvis libraries. Perplexity
and coherence metrics were used to assess the quality of the model, which showed that the optimal
number of topics depends on the characteristics of the corpus and the parameters of hyperparameters a
and P. Texts and demonstrate the suitability of the method for a wide range of applied tasks — analysis of
user reviews, media analytics, classification of scientific publications and monitoring of social networks. A
comparative study with alternative approaches (K-means, NMF, BERTopic, transformer models) was
carried out, which showed that LDA provides the best balance between interpretation, speed and
computational efficiency. The developed program module "Thematic Analysis Module" implements an
automated system for thematic modelling, which can be used both in scientific research and in analytical
information systems.
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1. Introduction

Today, humanity is in an information glut: a massive amount of text data is generated every day -
news, scientific publications, messages in social networks, forums, blogs, and instant messengers.
This information is often unstructured and challenging to subject to classical analysis, which
causes the need for automated tools to classify, sort, filter, and understand it. One of the most
effective modern methods of analysing such texts is thematic modelling. It allows you to
automatically detect topics hidden in texts based on the probabilistic distribution of words. For
example, without having to read thousands of product reviews, you can automatically discover that
people most often talk about "price", "quality", "delivery", "packaging", etc. This approach is actively
used in the following areas:

e  Journalism and media analytics — to track information campaigns, trends in the
media;

e  Business and marketing - to analyse user reviews, surveys, customer feedback;

e  Science - classification of scientific publications by topics;

e  Public administration — monitoring of public moods, thematic appeals of citizens;

e  Education - automatic classification of educational materials.
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e  Thus, thematic modelling is one of the key natural language processing (NLP)
tools, allowing you to efficiently work with large text arrays without the need for manual
processing.

The purpose of this work is the in-depth development of information technology for thematic
modelling of texts, as well as the practical implementation of the thematic model on a specific
corpus of Ukrainian-language documents using Python tools. During the work, it is planned to
investigate how the pre-processing of texts, the choice of the number of topics, algorithms and
parameters affects the quality of the thematic model, as well as to analyse the practical results of
modelling and the possibilities of their application in a real environment.

To achieve the goal, it is necessary to solve the following tasks:

e Analyse the literature on thematic modelling (LDA, NMF, PLSA).

e Choose a corpus of texts for modelling (e.g., news, articles, forum posts).

e  Clean up the data — remove HTML tags, numbers, punctuation, stop words.
e  Perform lemmatisation or stemming (if necessary, in Ukrainian).

. Create a Bag-of-Words or TF-IDF matrix.

e  Build an LDA model with a different number of themes.

e  Visualise the results obtained.

e  Analyse the interpretation of topics.

e  Compare the quality of models by coherence.

The object of research is the text corpus - a set of documents containing natural language (in
our case, Ukrainian). These can be news, social messages, reviews, scientific articles, product
descriptions, etc. Such texts are unstructured, which makes it difficult to analyse them without pre-
processing. That is why the object of research is interesting from the point of view of practical data
processing. The subject of the study is algorithms and methods of thematic modelling, in particular:

e  Latent Dirichlet Allocation (LDA);

e  Non-Negative Matrix Factorisation (NMF);

° Probabilistic Latent Semantic Analysis (PLSA);

e  TF-IDF and Bag-of-Words for text representation;
e  Quality assessment metrics: coherence, perplexity.

Although thematic modelling is a well-known technique, its application to Ukrainian-language
texts has not yet been sufficiently researched. Most libraries and examples focus on English-
language content. Therefore, the novelty of this work lies in:

e  Implementation of thematic modelling specifically for the Ukrainian language;

e  Comparison of models with a different number of themes for a real case;

e  Application of modern methods of pre-processing of Ukrainian-language texts (for
example, through langdetect, pymorphy2-uk or Stanza);

e  visualisation of results and analysis of the correspondence of topics to the real
content of documents.

Also, the novelty lies in the application of coherence to automatically assess the quality of the
model without human intervention. The developed model has a number of real-world applications:

e Information systems (filtering news, searching by topics, classification of
documents).

o  Education (automatic grouping of educational materials by topic).



e Marketing (classification of customer reviews on topics to identify pain points).

e  Science (analysis of scientific publications and identification of new research
trends).

e  Security (monitoring social media to identify radical topics).

e  Electronic democracy (analysis of citizens' appeals in petitions, complaints,
forums).

The model is universal and can be adapted to any subject area containing large amounts of
textual information. It is necessary to investigate the methods of thematic modelling of texts, in
particular the Latent Dirichlet Allocation (LDA) algorithm, which allows you to automatically
identify the main topics in a large amount of text data. The preliminary processing of the corpus of
documents was carried out, a thematic model was built, and its results were analysed. The study
confirmed the effectiveness of thematic modelling as a tool for classifying and analysing
unstructured texts. The practical implementation of the model has demonstrated that this approach
can be used in various fields — from journalism and marketing to science and education. The results
obtained showed the dependence of the quality of thematic modelling on the preliminary
processing of data, the choice of the number of topics and the parameters of the model. Thus, the
work contributed to the consolidation of knowledge in computational linguistics and the acquired
practical skills in natural language processing.

2. Related works

In today's information age, society generates enormous amounts of text data every day. News sites,
social networks, forums, emails, blogs, user reviews, documents — all this creates a powerful flow of
information that needs to be stored, processed and analysed. According to analytical agencies, tens
of millions of new texts of various formats are created every day in the world, and this trend is
only growing, requiring manual analysis. There is an urgent need for tools that can automatically
reveal meaning and structure in unstructured text.

One of the most promising areas in this area is thematic modelling of texts — a method of
identifying hidden thematic structures in large amounts of text data. Thematic modelling allows
you to understand what the documents are about, without the need to read them thoroughly. It
automatically classifies texts by content, highlights key topics, and allows you to visualise the
results, which significantly simplifies analysis.

The principle of thematic modelling is that each document consists of a particular set of topics,
and each topic consists of a specific set of words. For example, if the system analyses the news
corpus, it can detect issues such as "politics", "economy”, "sports”, "education”, even if these labels
are not set manually. Thematic modelling algorithms, in particular Latent Dirichlet Allocation
(LDA), are based on statistical patterns of the joint appearance of words in texts and are able to
automatically find relationships between words and group them into meaningful topics. The
relevance of this topic is due not only to the rapid growth of textual data but also to the need to
interpret it effectively. In many fields, from media and journalism to education, marketing, and
research, thematic modelling is becoming an indispensable tool. It allows:

Analyse large amounts of news;

Identify trends in social networks;

Carry out automatic classification of documents;
Segment customer reviews by topic;

Build dashboards for decision-making.

SAEE R S

Latent Dirichlet Allocation (LDA) is a classical probabilistic generative model of the issues
proposed in [1]. LDA formalises a document as a mixture of topics and a topic as a distribution of
words; It was this work that laid the mathematical foundation for most of the further research in



case study. Its advantages are ease of interpretation, relative ease of implementation, and low
hardware requirements; The disadvantage is the weak ability to capture context (sequence/order)
and problems with short texts.

Other classical methods — PLSA and NMF - use linear/probabilistic factorisations of the
document-term matrix [2]. NMF sometimes gives more stable and interpreted themes on a small
corpus, but lacks Bayesian regularisation of LDA and can be sensitive to noise. Comparative studies
show that no "classic" dominates universally — the choice depends on the size of the case, the
length of the documents and the goals of the analysis.

Modern approaches: built-in representations and hybrids:

1. BERTopic is a practical cluster-embedding approach that combines transformer embedding of
documents (BERT-like) with dense clustering and c-TF-IDF for describing topics [3]. BERTopic
shows good semantic coherence of issues, especially on short and variable texts (tweets,
comments), but requires more resources and depends on the quality of embeddings.

2. Contextualised Topic Models (CTM) and their development — methods that combine the BOW
part with contextual embedding (BERT) into variational autoencoders [4]. They increase the
coherence of topics compared to classical LDA, especially on data where context significantly
changes the meaning of words. CTM and derivatives (improvement due to negative sampling, pre-
training, etc.) are now actively researched and often give better NPMI/UMass results than LDA.

3. Top2Vec / embedding-based clustering - an approach where documentary and verbal
embedding are used to simultaneously identify topics and semantic centres (without an explicit K
task). It works well for large enclosures with moderate document lengths. The downside is that
interpreting topics sometimes requires additional c-TF-IDF or manual filtering.

The general trend in recent years has been to replace or supplement purely frequency
representations (BoW/TF-IDF) with contextual embeddings (BERT, MiniLM, etc.). It improves the
quality of topics (semantics), but increases computational costs and can complicate interpretation
in some cases [5].

In comparative work, a set of metrics is most often used: perplexy (probabilistic measure),
coherence (UMass, Cv, C_v) and NPMI [2]. Almost all modern research emphasises that perplexy
and coherence sometimes conflict (perplexy can decrease, while coherence can deteriorate), so it is
recommended to use a combination of metrics to choose the optimal model and number of topics.

Although most of the methodological works are tested on English-language corpora (20
Newsgroups, Wikipedia, ArXiv abstracts), there are more and more publications dedicated to
Ukrainian-language corpora. Study of themes in folk songs of Podillia (case-study) [6] - LDA
applied to folklore texts; The authors note the importance of lemmatisation and morphological
normalisation through productive word formation in the Ukrainian language [6]. An analysis of
discussions and media coverage of the war (Russo-Ukraine war) showed [7] that for social
networks/tweets, it is advisable to compare LDA with models on embedding (BERTopic/CTM):
transformer approaches are better at catching context and nuances, while LDA gives more stable
"dark" clusters for a large number of short, noisy messages. These studies emphasize two
important theses for Ukrainian: (1) pre-processing (lemmatization, removal of inflectional forms,
stop words) significantly affects the quality of topics; (2) the choice of model depends on the genre
of texts - for long forms (articles)) LDA/NMF work well; for short/social media -
CTM/BERTOPIC/Top2Vec gives a better semantic grouping [7].

Table 1

Generalised comparison [1-8]

Method Main idea Strengths Weaknesses Recommendations for use
(Ukrainian)

LDA Bayesian Interpretation, Weak context, Basic method-reference;

generative model low resources  problems with suitable for long




(BoW) short texts documents; requires
lemmatisation.

NMF Linear Simplicity, Sensitivity =~ to Alternative to LDA on
factorisation of sometimes noise, no a small cases
document-terms  better stability priori

with small data

BERTopic Embedings + High Needs Social networks,
Clustering + c- coherence, embeddings comments; use  with
TF-IDF better for short (resources), Ukrainian embedings

texts fewer ‘"clean" (mBERT, uk-BERT if
topics available) [3]

CTM/ BOW + BERT Context- More complex When

context- embedding sensitive, better implementation semantics/discourse is

ualised (VAE) NPMI/ , resource essential, it gives strong

coherence intensity results on multilingual
corpora. [8]

Top2Vec / Coordination of Does not need Interpretation Large body, quick

embedding documents and a previous K, is sometimes overview of themes

clustering words in good semantic more
embedded space  centres complicated

LDA remains a "practical standard” — it provides interpreted topics and serves as a good
baseline for any thematic analysis [1]. It is especially valuable because of the limited resources or
the need to explain the results to a non-professional audience.

Contextual models (CTM, BERTopic) show a marked improvement in the clinical (semantic)
quality of topics (NPMI/Cv), especially on short or highly contextual texts [3]. If the project allows
for calculation costs, these approaches give a better interpretation of the topics.

Assessment should be multidimensional [2]. Perplexy # coherence: in practice, it is advised to
minimise perplexy and simultaneously maximise NPMI/Cv (or perform human validation for the
most important topics).

The peculiarities of the Ukrainian language (morphology, inflexion, word formation) make
high-quality linguistic preprocessing critical: tokenisation, lemmatisation (pymorphy2-uk / Stanza /
spaCy pipelines), removal of stop words, and filtering of N-grams. Studies on Ukrainian corpora
confirm that without such training, the quality of topics drops sharply [6].

Practical recommendations for research:

1. Implementation of LDA as a baseline (Gensim) after careful linguistic pre-processing
(lemmatisation, stop words, removal of frequent noise tokens), estimation of perplexity and
NPMI/Cv on the K grid [1].

2. BERTopic testing (with Ukrainian/multilingual embeddings — mBERT or lightweight MiniLM
models) and CTM - comparison of NPMI and Cv; on short texts, BERTopic is expected to win [3].

3. Validation: In parallel, a small manual assessment (human judgment) for 10-20 topics will give
a high-quality check of metrics.

4. Resources: if there are resource constraints — use LDA/NMF; Transformers launch -
CTM/BERTOPIC will give better semantics.

5. Documentation: fixing hyperparameters (a, f, minimum frequency of terms, seed) so that the
results are reproducible [9].



Classical approaches to topic modelling (LDA, PLSA, NMF) formalise a document as a mixture
of topics and a topic as a distribution of words, and they are widely used as a baseline in thematic
analysis studies. Having settled on LDA, we are guided by its interpretation and stability in
problems with significant cases. Modern approaches (BERTopic, Contextualised Topic Models,
Top2Vec) combine contextual embedding and clustering, which allows you to increase the
semantic coherence of topics, but requires more computing resources. Evaluation of models is
carried out by perplexity and coherence (UMass, NPMI, Cv), since the combined approach to
validation gives the most reliable results. For Ukrainian-language corpora, the importance of
lemmatisation and morphological normalisation is additionally emphasised." (case studies: Blei et
al. 2003; BERTopic; CTM and comparative studies).

Within the framework of this work, the development of a thematic model of texts is considered,
which allows you to automatically single out key topics from a large corpus of Ukrainian-language
texts. The focus is on the LDA (Latent Dirichlet Allocation) algorithm, which is one of the most
common and at the same time interpreted methods of thematic analysis. A comparison of this
approach with other methods such as clustering, classification and modern neural approaches
(transformers) will also be carried out, and the advantages and disadvantages of each technique
will be identified. Special attention is paid to the formulation of the problem that the proposed
thematic model is designed to solve. First of all, it is about automating the understanding of text
data in situations where labels are missing, and human analysis is too costly or impossible. Thus,
this section lays the theoretical and methodological basis for the implementation of the work,
demonstrating not only technical aspects but also the strategic significance of thematic modelling
in the digital information age.

Within the framework of this work, a tool for thematic modelling of texts is being developed,
the primary purpose of which is to automatically identify content topics in the corpus of
documents without preliminary markup or manually specified categories. This approach allows
you to better understand the structure and content of large text arrays, identify hidden patterns,
and optimise the content analysis process.

The product being developed is a thematic model built using the Latent Dirichlet Allocation
(LDA) algorithm, which belongs to the category of probabilistic models. LDA allows each
document to be represented as a combination of several topics, and each topic as a set of keywords
with appropriate weights. Based on the statistics of the coincidence of words in different
documents, the model identifies those words that occur most often together and groups them into
topics. This approach is beneficial in cases where the structure of the texts is not strictly defined,
and manual classification is too costly or subjective. So that they cover a wide range of topics,
including politics, technology, education, health, economics, etc, this choice is justified by the fact
that in real conditions, the texts are of a mixed nature and often include several topics at the same
time, so high-quality thematic modelling should take this context into account. Preliminarily, texts
undergo standard processing: clearing punctuation and special characters; lowercase casting;
removing stop words; lemmatisation (if necessary); tokenization. The product is developed in the
Python programming language, using the following libraries:

1.  Gensim - alibrary for building LDA models and working with text data;

2. pyLDAuvis - visualisation of the constructed theme (interactive graphs, which show
the placement of topics in vector space);

3. NLTK / spaCy / Stanza - for pre-processing of texts: tokenisation, lemmatisation,
removal of stop words;

4.  Pandas - convenient work with text datasets;

5.  Matplotlib / Seaborn — Additional visualisation of results is needed.

This stack of tools allows you to effectively implement a complete cycle of thematic modelling -
from word processing to visual analysis of results.



In the field of natural language processing (NLP), there are several methods that, to some extent,
perform the function of grouping, classifying or summarising text documents. Although thematic
modelling, in particular based on LDA, is a specialised approach to identifying topics, it is worth
considering other methods that can act as its counterparts in specific contexts.

1. K-means clustering is one of the most popular methods of unsupervised learning, which
distributes objects (in our case, documents) into groups called clusters. The algorithm tries to
minimise the distance between documents within the same cluster and maximise the distance
between different clusters. Each document is represented as a vector (for example, based on TF-
IDF), and the cluster itself is defined through the centre of mass. Advantages:

e  Easy to implement and quick learning.
e  Does not require labels (unsupervised).
e  Scales well for large amounts of text.

Disadvantages:

e  Clusters do not have a clear, meaningful description (there is no list of words as in
LDA).

e Itis challenging to interpret what each cluster is about.

e  Does not take into account topics, only "groups of similar texts".

K-means groups texts by similarity, while LDA detects semantic themes within
texts. Clusters are "similar documents", topics are "similar words".
2. Classification of texts (SVM, Naive Bayes) — these algorithms belong to supervised learning,
which requires pre-labelled data. Each text must have a predefined category (e.g. "sports”,

"education”, "politics"), and the model learns to recognise these categories with new examples.
Advantages:

e  High accuracy with proper data preparation.
e  Easy to use (especially Naive Bayes).
e Works well with short texts.

Disadvantages:

e Does not work without labels — you need to manually classify a large number of
documents for training.
e It does not detect new topics; it works only with those that are already known.

e  Less flexible in a dynamic environment (changing topics requires retraining).

The classification requires tagged training data, while LDA is fully automated and suitable for
exploring new, previously undefined topics.

3. Transformers (BERT, GPT, BERTopic) — transformer-based models are modern approaches in
NLP that allow you to take into account the context of an entire sentence or text. Models like BERT
(Bidirectional Encoder Representations from Transformers) generate vector representations of texts
that preserve semantics at a deeper level. BERTopic is an example of thematic modelling that
combines BERT and clustering. Advantages:

e  High-quality results.
e  Taking into account the context and order of words.
e  The ability to analyse the nuances of language, synonyms, and irony.

Disadvantages:



e Need for powerful hardware (GPU/TPU).
e  Complexity of implementation (not "out of the box").
e  Weak interpretation (results are difficult to explain - "black box").

Transformers are more potent in quality, but more challenging to implement. LDA loses in
accuracy, but wins in simplicity, interpretation, and resources.

4. Alternative thematic models of NMF and PLSA. NMF (Non-negative Matrix Factorisation)
decomposes the document-term matrix into two smaller matrices that reflect topics and word
distribution. It works similarly to LDA, but is based on linear algebra rather than probabilities.
Advantages:

e A simple approach without complicated statistics.
. Can give clear topics for minor cases.

Disadvantages:

e  Themes are less stable when data changes.

e  Lessinterpreted compared to LDA.

PLSA (Probabilistic Latent Semantic Analysis) is a precursor to LDA. A statistical model that
also identifies topics by word distribution in documents. Advantages — considered the "foundation”
for LDA - are theoretically powerful. Disadvantages:

e  The model is prone to overtraining.
e  Doesn't scale to large amounts of data.
e  Does not allow you to simulate new documents without re-learning.

NMF is simpler, PLSA is theoretically deeper, but both are inferior to LDA in flexibility,
scalability, and resilience.

Table 2

Comparison of approaches

Approach Principle Advantages Disadvantages

Rule-based Hard-coded Accuracy in narrow Not scalable
rules tasks

SVM Classification, Labels needed Works well with labels  Inability to work with

Naive Bayes unstructured topics
Clustering (K- Unattended Simplicity Themes are often
means) uninterpreted

Table 3

Feature analysis

Sign Thematic Modelling (LDA)  Transformers

Interpretation High Low (black box)




Speed High Slow on large cases

Quality Average High, but needs fine-tuning

Resources Required Small High (GPU, TPU)

Explanation of results Themes can be interpreted Difficult to explain the reason for the
classification

Thematic modelling, especially in the implementation of Latent Dirichlet Allocation (LDA), has
a number of significant advantages that make it a versatile and convenient tool for analysing large
corpora of text data. Unlike other approaches (e.g., classification or transformers), LDA strikes an
optimal balance between interpretation, automaticity, and efficiency.

1. Unsupervised learning. One of the most valuable properties of thematic modelling is its
independence from the labelled data. The algorithm does not require prior manual classification of
documents — that is, there is no need to create a training sample, where each text is manually
assigned to a specific topic. It is essential in cases where:

e  Labels are difficult or expensive to obtain.
e  The subject matter of the data changes over time.
e Itis necessary to explore a new, unexplored corpus of texts.

Thus, thematic modelling is an indispensable tool for exploratory analysis, when it is necessary
to find out: "what the texts are about", and not just classify them into already known categories.

2. Visualisation capability. Modern libraries, including pyLDAvis, make it easy to visualise the
results of thematic modelling. It opens up opportunities for intuitive analysis even for users
without technical training. Thanks to visualisation, you can:

e  See how topics are placed in a vector space.

e  Evaluate which words are key for each topic.

e  Check which documents belong to which topics and how strongly.

e  Explore the intersections between topics (the more topics overlap, the more similar
they are).

It makes thematic modelling a powerful tool for data analytics and presentation.
3. Flexibility of the model. The user independently sets the number of topics that the model
should find. It allows you to adapt the analysis to different tasks:

e If you need to conduct a general review, you can choose a smaller number of topics
(for example, 5-10).

e  If you need details, the model can be reconfigured for 20-30 themes.

e In addition to the number of themes, you can flexibly customise:

e  the number of keywords in the topic;

e  alpha and beta distribution parameters (affecting the "smearing" of topics across
documents);

e filtering of rarely used or commonplace words.

This flexibility allows you to optimise the model for a specific type of content or business task.
4. Interpretation of results. Unlike many modern models (especially transformers), LDA
provides transparency in the results. Each topic is clearly expressed in the form of a set of words,



and each document has a distribution of issues with the weight of each of them. It makes it possible
to:

e Quickly describe the essence of the topic (by keywords).

e  Understand how the content of the document is related to the issues.
e Check the logic of the results based on human intuition.

e  Justify the conclusions of analytics to customers or management.

LDA models are one of the few in machine learning that can be explained and defended in front
of a non-professional audience.

5. Efficiency and the possibility of the use of small resources. LDA models do not require
significant computing power. They can be launched:

e  onaregular laptop or server without a GPU;
e  with small corpora of texts (even several hundred documents);
e  with limited RAM.

It opens up access to thematic analysis for small companies, research projects, and university
laboratories. Even for educational purposes, LDA is an excellent demonstration of how text
analytics works in the real world.

In addition to the implementation of thematic modelling through open libraries (for example,
Gensim and LDA), there are many ready-made commercial or SaaS solutions on the market that
provide the functionality of automatic analysis of text topics. Such services, as a rule, are aimed at
business intelligence, automation of feedback processing, customer requests, social networks, etc.
Below is a detailed review and comparison of the most well-known platforms.

IBM Watson Natural Language Understanding is a platform with a set of tools for natural
language processing. One of its components, topic classification, allows you to identify common
topics in the text (for example, politics, healthcare, finance). In this case, the thematic analysis is
based on pre-trained classifiers. Advantages:

e  Support for many languages.

e  High-quality results.

e  The API integrates seamlessly into business systems.

e It provides not only themes but also emotional tone, categories, concepts, and
objects.

Disadvantages:

e  Only works with a fixed list of topics.

e  There is no full-fledged topic-forming model (as in LDA).

e  Commercial model: paid for a large number of requests.

e  Limited flexibility for the user (no access to simulation engines).

Google Cloud Natural Language API - Google's word processing service includes content
classification, where documents are classified according to a hierarchy of ~700 topics (for
example, /Arts & Entertainment/Music or /Business/Banking). It is based on deep neural networks
and a predefined topic dictionary. Advantages:

e  Reliability and speed from Google.
e  An extensive database of topics and subtopics.

e  Convenient to integrate into cloud services.



e  Support for many formats.
Disadvantages:

e  Topics are hardcoded - it is impossible to identify new ones.

e Interpretation of the result is only possible within the Google framework.

e  There is no transparency - it is not clear which words influenced the
classification.

e  The cost increases when processing large arrays of texts.

MonkeyLearn is a cloud-based platform for text analysis that allows you to create your own
classifiers and pre-trained thematic templates. It is positioned as a no-code/low-code tool for
business users. Advantages:

e  Ready-made templates (for example: customer support, surveys, e-commerce).
e  You can create custom models without programming.

e  Visual interface for customising categories.

e It has an API and integration with Google Sheets, Zapier, etc.

Disadvantages:

e  The free version is minimal.
e  Less flexible for complex analysis.
e Itisnot a full-fledged thematic modelling (works as a classifier).

Gensim (LDA implementation) is an open-source Python library for thematic modelling.
Implements LDA (Latent Dirichlet Allocation), as well as other methods for analysing the latent
structure of texts. Supports model training both in memory and from streaming data. Advantages:

e  Complete freedom of customisation: number of topics, words, alpha/beta.
e  Open core - can be expanded and adapted.

e  Visualisation capability (via pyLDAvis).

e  Works locally, without cloud costs.

Disadvantages:

e  Requires programming (not suitable for non-specialists).
e  Requires independent processing of texts (cleaning, tokenisation, etc.).

e It does not have a graphical interface "out of the box".

BERTopic is a modern library for thematic modelling that combines contextual vector
representations of BERT and clustering (e.g. HDBSCAN) to detect topics. Topics are created based
on the similarity of vectors of texts. Advantages:

e It takes into account the context that "bank" and "riverbank" will not be on the
same topic.

e A more accurate model for short or unstructured data.

e  Topics can have dynamic depth (topics within topics).

e It has integration with visualisation and meta-information.

Disadvantages:



e  Requires a lot of resources (GPU for fast work).
e Complexity of installation (need for transformers, BERT models).
e  The interpretation is more complicated than that of the classic LDA.

3. Problem formulation

In the XXI century, humanity lives in the conditions of the information revolution: text data is
created at an unprecedented speed — in news, social networks, instant messengers, reviews,
reports, blogs, comments, documents. All this forms a complex and extensive information
ecosystem that requires tools for systematisation, analysis, and understanding. Much of this
information is unstructured - i.e., one that does not have clear tags, headings, or categories- and
therefore, it is difficult to process automatically using traditional methods.

Modern society faces the challenge of efficiently processing large amounts of unstructured text
data. Classical methods of analysis — for example, manual classification, keyword search, rule-
based systems — are not able to scale to large data sets and do not allow you to automatically
identify content topics without prior human intervention. It makes it difficult:

) Decision-making in business, science, journalism;
e  Identifying trends and topics in social networks;
e  Customer feedback analytics;

e  Creation of personalised recommendation systems.

Classic classifiers (SVM, Naive Bayes) require labelled data, which means that someone has to
manually specify which topic each document belongs to. In cases where thousands of texts are
used, it becomes an irrelevant, expensive, and slow process. In turn, clustering algorithms (for
example, K-means), although they allow you to group documents, do not provide interpreted topics
- we cannot say "what" each cluster is about without additional analysis. In connection with the
described problem, the product under development faces several tasks:

1. Develop a thematic model that automatically highlights topics from the corpus of documents.
The model must work without previous labels, and therefore belongs to the unsupervised learning
class. The algorithm should determine the most likely topics in a large corpus based on statistical
patterns of word distribution.

2. Ensure the interpretation of the results. Unlike the "black boxes" of modern deep learning, the
developed system should provide clear and transparent results. A list of keywords should express
the topic, and each document should show which topics are present in it and in what ratio.

3. Provide a flexible tool that works even without labelled data. The thematic model should
work on any corpus of texts — news, forums — without the need for mark-up. It should be scalable,
customizable (for example, change the number of themes) and available for local launch, without
cloud dependency.

4. Compare several approaches and justify the feasibility of choosing LDA. In order for the
choice of thematic modelling (in particular, the LDA algorithm) to be reasonable, it is necessary:

° Compare it with classifiers, clusters, and transformers.

e  Assess the advantages and limitations of other approaches.

e  Show that LDA is the best compromise between interpretation, automation, and
technical simplicity.

A comprehensive study of thematic modelling of texts as a modern tool for analysing large
volumes of unstructured data has been carried out. The main goal was to create a model capable of
automatically detecting content topics in the body of documents without pre-labelling, as well as
comparing this approach with similar methods. A thematic model based on the Latent Dirichlet
Allocation (LDA) algorithm using Gensim and pyLDAvis libraries has been developed. The corpus



of texts used has undergone a complete cycle of pre-processing: tokenisation, cleaning, deletion of
stop words, and, if necessary, lemmatisation. After building the model, a set of topics was obtained,
each of which is described by a list of words with the highest probability, and an analysis of the
distribution of topics across documents was carried out.

4. Methods

Topic modelling as a task of extracting hidden topics in the corpus of texts has become one of the
key paradigms in natural language processing and text data analysis. This section provides an
overview of the three main approaches — classical generative models, factorisation-based models,
and modern approaches with contextual embedding — with a focus on their applicability, strengths
and weaknesses, and challenges for Ukrainian-language corpora.

The original and most common approach is the Latent Dirichlet Allocation (LDA), proposed in
[1]. The model formalises the document as a mixture of topics, and the topic as a distribution of
words, using a priori Dirichlet distributions for 6 (document-topic) and ¢ (topic-words) among the
advantages: high interpretation of themes, support for a large corpus, and relatively simple
implementation. However, a number of studies have noted the weak ability of the model to take
into account word order, context or short texts, as well as the instability of the results regarding
initialisation or order of documents [10]. Other researchers in their review classify LDA as the
"dominant” model in the topic of topic modelling before the era of deep learning [11]. The problem
of the "order-effect" in LDA was also investigated, and the LDADE approach for adjusting
hyperparameters to reduce the instability of topic distributions was proposed [10].

Along with LDA, methods based on negative matrix factorisation (NMF), latent-semantic
analysis (LSA), and pLSA are widely discussed in the literature. These methods, although not as
common as LDA, sometimes show better stability in small enclosures or with limited resources. A
study [12] compared LDA, NMF, and embedding clustering on tweet data and found that
traditional models have limitations and are less stable in short texts. Some works also pay attention
to dynamic versions of topic models (e.g. Dynamic Topic Model, HDP) to track thematic changes
over time [13].

In recent years, models that combine embedding text representations (e.g., BERT-like models)
with clustering algorithms or variational autoencoders have been growing in popularity. For
example, BERTopic uses document embedding (based on transformers), then UMAP to reduce
dimensionality, HDBSCAN for clustering, and c-TF-IDF to form a representation of topics [3].
BERTopic demonstrates higher topic coherence compared to LDA, especially on short or variable
texts. A study [14] noted that embedding models (e.g., BERTopic or Combined Topic Model CTM)
can outperform LDAs in terms of NPMI/coherence, but require more computational resources. In
addition, studies on Indo-Aryan languages (e.g. Hindi) show that BERTopic consistently
outperforms classical methods on short texts [15].

Evaluation of thematic models is carried out through metrics such as perplexity, coherence
(UMass, Cv) and NPMIL The reviews emphasise that reducing perplexity does not guarantee an
increase in coherence, so a combined approach is recommended [11-12]. There are additional
challenges for the corpora of the Ukrainian language: rich inflexion, word formation,
morphological variants, and a lack of large, composed datasets. For example, in the study of
Podillya folklore, the need for lemmatisation and morphological normalisation before the use of
LDA is emphasised [6]. Thus, it is essential for Ukrainian-speaking buildings to take into account:

e  Careful pre-processing of the text (lemmatisation, correction of inflexions),

e  Choice of model depending on the genre (long formats — LDA/NMF, short/social
texts — BERTopic/CTM),

e  Multi-metric evaluation (perplexy and NPMI/coherence) and, if possible, human
validation.



Thus, the literature demonstrates the evolution of thematic modelling [16-21]: from traditional
generative models to modern approaches with contextual embeddings. For the analysis of
Ukrainian-language texts, it is advisable to use a hybrid strategy: to use LDA as a basic model for
long documents, and for short/noisy texts — models on embeddings; At the same time, to ensure
high-quality pre-processing and combined assessment. In the following sections, these
recommendations will be taken into account when choosing a model, adjusting hyperparameters,
and evaluating the results.

Within the framework of this study, the construction of the thematic model was carried out on
the basis of a probabilistic approach implemented through Latent Dirichlet Allocation (LDA). The
LDA algorithm assumes that each document in the corpus is a mixture of several topics, and each
topic is a distribution of word probabilities. Thus, the mathematical essence of the model is to
restore the hidden parameters of these distributions. Let:

e D=l{d,,d,,....dy| -a corpus of documents consisting of M documents;
. V=| Wi, Wy,...,W N} is a dictionary that contains N of unique words;

e K is the number of hidden topics.

Each document d,, is modelled as a stochastic process of generating words according to the
following steps:

1. For each document d,, the distribution of topics is chosen 0, ~Dir(0( ), where a is a
hyperparameter of the Dirichlet distribution that controls the "blurring" of topics in the document.

2. For each k topic, the distribution of words is determined ¢, NDiI‘(B), where 3 is a
hyperparameter that controls the "blurredness" of words in the subject.

3. For each word W,,, — in document d ,:

e  The topic Z,,, ~ Mult (Qm);

. Next, a word on this topic is chosen: Wp,, ~ Mult (¢ )

Zmn

The total probability of the body of documents is given as:

M N, (1)
P(W,Z|a,B)=TT1 [ P(6,]a){ [T 2 P(2m|00) P(Won|Zms B) |d 6,
m=1 n=1 z,,
where W are all observed words, Z are hidden variables (topics for each word).
The purpose of thematic modelling is to find a posteriori distribution:
P(0,¢,Z|W,a,B). @)

which is approximated using the variational Bayesian approach or the Gibbs sampling method.
For each document, the following are calculated:

. 9m=(9m1 000,00, QmK) — is the probability vector of topics;
. ¢k:(¢k1 s Drnseens ¢kN) — is the probability vector of words in the subject.

After training the model, each paper is presented as a combination of topics with weights — 6,
and each topic is defined by the most likely words from the vector @,.

Two primary metrics evaluate the quality of thematic modelling:
1. Perplexy is a measure of the consistency of the model with the test data:
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A lower perplexy value corresponds to better model consistency.
2. Topic Coherence — assesses the semantic consistency of the most important words of the
topic. For a set of words Wtz{ Wi, Wo,eet, WM}, coherence is defined as:

D(w.,w.)+e (4)
c(w,)=Y log ——2 7%
| )1; i D(w]

where D (Wl- W j> — is the number of documents in which the words w; and w; — occur together,

€ is the smoothing factor.
The result of modelling is a set of thematic distributions:

(:D:{¢1’¢2""’¢K}’@:{91’92""’9M}: (5)

which allows the construction of the matrix M x K, where each element of 0,,, — is interpreted

as the probability that the document d,, - belongs to the topic k.

This matrix forms the basis for further analysis - clustering of documents, construction of
semantic maps, and visualisation of thematic structures.

The goal of the developed software product is to create an efficient, automated system for
thematic modelling of texts, which allows the user to quickly identify key topics in unstructured
text documents without prior mark-up or classification. This tool should provide the ability to:

1. Process large amounts of textual information;

2. Analyse the content of documents without manual intervention;

3. Identify hidden topics by applying machine learning methods, in particular the
Latent Dirichlet Allocation (LDA) algorithm;

4.  Display the results in an understandable, interpreted form — in the form of lists of
keywords that form topics, and their distribution in documents;

5.  Visualise the results of thematic analysis to improve understanding of the structure
of the text corpus.

As a result of the development, a software module will be implemented that helps the user
interpret large arrays of texts, reduce the time for their processing, and identify semantic trends in
the content without deep linguistic or technical preparation.

A software product for thematic modelling of texts should implement a complete cycle of
automated analysis of textual information, from downloading data to displaying results in a
convenient form. The main functions that the system should implement include:

1. Loading the Text Corpus:

° Load input text data from a file (e.g., .txt, .csv,. json).
. Support for entering one or more documents.
e  Ability to work with Ukrainian-language texts.

2. Pre-processing of texts:

° Clearing punctuation, numbers, and special characters.
e  Lowercase texting.
e  Delete stop words (in Ukrainian).



e  Tokenisation is the division of text into separate words (tokens).

e  Lemmatisation (if necessary) — bringing words to their original form.
3. Building a thematic model:

e  Formation of a vector representation of texts (for example, Bag-of-Words or TF-
IDF).

e  Building an LDA model to define topics in the corpus.

e  Setting the number of topics, dictionary sizes, alpha and beta parameters.

4. Generate Results:

e  Create lists of topics with a set of keywords for each.
e  Calculate the distribution of topics for each document.

. Save results in text or tabular format.

5. Visualisation of results:

e  Building an interactive thematic map (through the pyLDAUvis library).
e  Displaying the weights of words in topics.
e  Visualise similarities and overlaps between topics.

6. Data Saving/Export:

e  Option to export model, topic lists, or topic breakdowns to a file.

e  Ability to reuse the saved model.
7. User Interface (Optional). A simple graphical interface (or console menu) where the user can:

° select a file;
e  set model parameters (number of topics);
e  View visualisation.

Thus, the software product should cover all the key stages of thematic analysis of texts — from
processing and modelling to interpretation and output of results.

The developed software product is aimed at users who need to analyse a large amount of textual
information, but do not have sufficient technical or linguistic knowledge for its deep processing.
Thanks to the automation of the main processes of thematic analysis, the system allows you to
solve a number of applied problems.

1. Analysis of a large volume of texts. In the real world, processing thousands of documents
manually is extremely time-consuming and resource-intensive. The software product allows you to
automatically process large corpora of texts without the need for human intervention at each stage.

2. Automatic detection of topics in documents. The user gets the opportunity to find out what
the texts are about, even if the issues have not been determined in advance. The LDA-based model
allows you to automatically generate topics based on statistical patterns in the data.

3. Classification and grouping of texts by topic. The system allows you to determine which
documents are related to a particular topic, which makes it possible to segment texts by content
(for example: economics, politics, sports, culture).

4. Building thematic profiles of documents. Each document has a distribution of topics that
helps to assess which topics dominate the text and which are secondary. It is beneficial for reports,
news, research articles, or social media content.



5. Visualisation of results for analytics. The user receives an interactive visualisation (via
pyLDAvis), which allows a better understanding of the structure of topics, their relationships, and
their distribution in the space of texts. It makes the analysis accessible even to non-professional
users.

6. Decision support. Thanks to the interpretation of the results of thematic modelling, the user
can faster identify trends, filter important documents and to draw conclusions based on the actual
content of the texts.

7. Saving the results for further processing. The resulting topics and breakdowns can be stored,
used in other systems, or used to generate reports, making the product useful in research,
educational, and business contexts.

Thus, the software product removes the need for the user to manually process texts and allows
you to obtain valuable semantic insights automatically, quickly and in a convenient format.

The system being developed, conventionally called the "Thematic Analysis Module", is a
software tool for processing, analysing and visualising large volumes of text documents in order to
automatically identify semantic topics. The system belongs to the application software that
implements computational linguistics and machine learning methods for the needs of text analysis.
The principle of operation of the module is based on the Latent Dirichlet Allocation (LDA)
algorithm, one of the most common approaches to thematic modelling, which allows you to
determine a set of hidden topics in the corpus of texts without human intervention.

1. What actions take place on the input data? After loading the text corpus, the system performs
several sequential stages of processing on the input data to prepare it for thematic analysis:

- Text pre-processing;:

e  (Clearing texts from punctuation, memorable characters, and numbers.

e  Normalisation (converting all words to lower case).

e  Remove stop words that do not carry a semantic load (for example, and, or, also).
e  Tokenisation is the division of text into separate words (tokens).

e  Lemmatisation is the reduction of words to their original form (for example:
"worked" — "work").

- Building a textual representation:

e  Creating a document-term matrix using Bag-of-Words or TF-IDF methods;

e  Formation of a dictionary (all unique words of the corpus).
— Thematic modelling:

e  Building an LDA model - automatic detection of topics that are repeated in texts;
e  Definition of the set of words that best characterise each topic;

e  Calculate the distribution of topics in each document (i.e. which document is about
what).

2. What the user sees at the output. After completing all stages of processing and modelling, the
system provides the user with the result in a clear and visualised form:

—~Theme. A list of topics was found, each of which is represented by a set of keywords with the
highest weight (importance). For example:

Topic 1: ['economy", 'profit’, 'currency’, 'inflation’, 'bank’]

Topic 2: ['sport’, 'match’, 'team', 'goal’, 'tournament']

- Distribution of topics by documents. Each document displays which topics dominate it and
with what probability. For example: Document No. 7: Topic 1 — 60%, Topic 3 — 30%, Topic 5 - 10%.

- Interactive visualisation. Using the pyLDAvis library, the results are displayed as an
interactive topic map where:



) circles are themes;
e  circle size - frequency of the topic;
e  overlap - similarity between topics;

e  You can hover the cursor and see the topic keywords.
— Tables with results. Export in CSV or JSON formats:

e  table with topics;
e  distribution of topics by documents;

e  Top words for each topic.
The user can use all these results to:

e  building reports;

° content analytics;

e  segmentation of texts by topic;

e  automatic classification or preparation of training data.

First of all, it must have the functionality to load the corpus of documents in a convenient
format (for example, TXT or CSV), which can contain both individual texts and large arrays of text
data, tokenisation, deletion of stop words, and, if necessary, also lemmatisation to bring words to
the basic form. Based on the cleaned texts, the program should build a thematic model using the
Latent Dirichlet Allocation (LDA) method, which allows you to automatically determine a set of
topics in a given corpus, each of which will be represented by a set of keywords. Once processed,
the results must be stored in a file or database, allowing them to be reused, exported, or integrated
with other systems. Finally, the system should display the results to the user clearly and intuitively
— both in the form of lists of topics and tables, and in the form of interactive visualisation of issues,
which significantly simplifies the analysis of the data obtained.

The project aims to create an effective tool for automatic thematic analysis of texts, which
allows you to identify content structures in unstructured text data without the need for their
preliminary labelling. The goal of the project is to provide the user with an accessible tool for
analysing large corpora of texts, with the ability to visualise, store and interpret the results without
deep technical knowledge. The Python programming language was chosen as the implementation
environment of the software product using the libraries Gensim (for building a thematic model of
LDA) and pyLDAvis (for visualising the results). Additionally, the NLTK, Pandas, and Matplotlib
libraries can be used to process texts and present results. The program provides an interface in the
form of a CLI (command line) or, by extension, a simple graphical interface (GUI) based on the
Tkinter or Streamlit libraries, which allows you to interact with the user conveniently - select a file,
set analysis parameters, and start processing. Among the main limitations of the product are the
focus on texts in Ukrainian (for correct lemmatisation and a list of stop words), as well as the need
for a pre-prepared document format (for example, one document — one line in a file). There are two
types of users: the regular user, who runs the analysis, views the results, and exports them in a
convenient format, and the administrator or developer, who can change model settings, update
dictionaries, or change the architecture of the module for a specific application. Scripts:

1.  Download the document corpus — the user imports a set of texts for analysis.

2. Configure model — sets the parameters of thematic modelling (number of topics,
type of filtering).

3. Run simulation - the system pre-processes and builds an LDA model.

4.  View results — the user receives a list of topics, keywords, and breakdowns by
documents.

5.  Save results — the results are exported to a file (CSV, JSON, etc.).
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Figure 1: Class Diagram

A class diagram displays the structure of a system, that is, what classes it consists of, what
functions each class performs, and how these classes are related to each other. It answers the
question: "What parts are included in the program and what do they do?". The main classes in the
diagram are:

e  CorpusLoader — Responsible for loading text data.

° Pre-processor — cleans, tokenises, and lemmatises texts.

e  LDAModel builds a thematic model, manages learning, and produces results.

e  Visualizer — creates a visualisation of topics (e.g. via pyLDAUvis).

e  Exporter - saves the results to a file.

e Links:

e  Each class has one or more methods, which are displayed at the bottom of the
rectangle.

e  The arrows between classes show dependencies: for example, LDAModel uses Pre-
processor to prepare data, and Visualizer uses it to plot based on model results.

This diagram is needed to describe the architecture of the code and helps the programmer to
implement the system correctly. The sequence diagram shows the order in which actions are
performed in time - that is, what exactly happens in the system from the start of the start-up to the
receipt of the result. It simulates how objects pass requests to each other, including in what order.
Sequence of events:

The user gives a command through the interface to start the analysis.
CorpusLoader loads data.

Pre-processor cleans and processes texts.

LDAModel performs thematic modelling.

Visualizer displays themes on the screen.

A S

Exporter allows you to save the results. Each object has a vertical "lifeline", and arrows show
the interactions between them. The lower on the diagram, the later in time the action takes place.
This diagram gives an idea of the logic of executing a program step by step and is very useful for
testing or scripting.

During the work, it was determined that the proposed system — the "Thematic Analysis Module"
- is designed to automatically process large volumes of unstructured text in order to identify key
topics without preliminary data labelling. This approach is especially relevant in today's
information environment, where a vast number of text messages are generated every day, which
require quick and meaningful analysis. In the process of formalisation, the input and output data of
the system, the main stages of word processing (cleaning, tokenisation, lemmatisation), building a



model and displaying the results were described. It is established that the system should provide
the loading of the body of documents, the adjustment of model parameters, the execution of
simulations, the visualisation of the results and the ability to export the received data. All these
features have been described in the form of functional requirements for the product. In order to
structurally present the work of the module, a technical task was created, which describes in detail
the implementation environment (Python, Gensim, pyLDAvis), user interaction interface, target
audience (ordinary user, analyst) and system limitations (focus on Ukrainian-language texts).
Particular attention is paid to the visualisation of the system architecture using UML diagrams.
Created:

CorpusLoader.load()

Preprocessor.clean()

LDAModel.fit()

Visualizer.show()

Exporter.save()

Figure 2: Sequence Diagram

e  aclass diagram showing the internal structure of the program and the relationships
between its modules (CorpusLoader, Pre-processor, LDAModel, Visualizer, Exporter);

e  Sequence Diagram, which illustrates the step-by-step process of performing
thematic analysis — from loading texts to saving results.

The work done made it possible to systematise the idea of the logic of the software product's
functioning, to determine the key elements and their interaction. The results obtained from a solid
basis for further development, testing, and implementation of thematic modelling in real text
analysis tasks. Thus, the work has been completed, and the goals set — to formulate the
requirements, build the architecture and model the system — have been achieved in full.

The task of thematic modelling is to find latent (hidden) topics in a large corpus of text

documents without predefined labels. Formally, each document d,, from the corpus



DZ[dl,dZ,...,dM} is considered as a stochastic mixture of several topics TZ{tl,tZ,...,tK},
where K is the number of topics determined by the user or selected empirically. Let the dictionary
of all unique terms that occur in the corpus be denoted as V={w,,w,,...,wy ]}, where N is the

number of unique words. Each d,, document can then be submitted as a sequence of tokens:

dmZ(Wml,wmz,...,mem), (6)

where N, - is the number of words in the document d,,,.

The central hypothesis of the model is that documents are created as a result of a stochastic
process, in which topics are first chosen, and then words inherent in these topics. Thus, the
document does not belong to one topic, but has a specific distribution of probabilities of topics,
which reflects the content structure of the text. To model this process, two groups of latent
variables are introduced:

. Bm:(eml N OmK) — is the distribution of topics in the document d,;

6_ ~ Dirichlet(a), (7)
where « Z(Ofl,az,...,O(K) - hyperparameters that determine the concentration of the

distribution (the smaller the value of &, the more the document gravitates towards one topic).

. ¢k:(¢k1,¢k2,.--,¢k1v) — is the distribution of words for each topic {y;

¢, ~Dirichlet(p), (8)

where f3 Z(B 1B B N) — are hyperparameters that determine the "blurredness" of the topic
in relation to a set of words.

For each word w,,, in the document d,,, the generation process is described as follows:

1.  Select the topic z,,, ~ Multinomial (Gm);
2. Choose the word W,,, ~ Multinomial (‘bzmn)'

Thus, the probability of generating a document d,, is defined as:

N, K 9)

P(dy|a,B)=[ P(0,|a)| TT D P2um|0)P(Woslzo:B)|d6,

n=1z,=1

and for the entire body:

u (10)
P(D|a,B)=]] P(d,|a,B).

m=1
The inputs of the model are D document corpus, glossary of V terms, hyperparameters o, 8
and number of K themes. The initial data are:

e  Matrix of distribution of topics by documents ® :[Qm] MXK>
e  Matrix of word distribution by topics - @ :[d)k] Kx N’

. Set of latent variables Z Z{Zmn}, which determines which word belongs to which
topic.



The purpose of thematic modelling is to find the maximum a posteriori estimation of the
parameters ® and @ based on the observed data of the W:

@,a\b:argmaxP(@,dﬂW,a,B], (11)
0,
which is equivalent to maximising the probability of the case:

(12)

Hm)P(wmn

Zmn’B) dem

P(W|a,ﬁ)=nlf[1 [ p(o,Jo)| 13 Pla,,

n= 1 Zmn

Since the direct estimation of this expression is computationally complex, approximation
methods are used in practical implementation - in particular:

e  Variational Bayesian approach, which reduces the problem to optimising the lower
limit of the logarithm of plausibility;

e  Gibbs Sampling is a stochastic method of estimating parameters using samples
from conditional distributions.

After training the model, each document d,, - is presented as a vector of topics:

d,=|0,,.0 0,k (13)

m ml>¥m2>°>¥mK

And each topic t, - is described by a set of most likely words:

t,={w, €V :¢,maximum |. (14)

Thus, the task of thematic modelling is reduced to finding such parameters ® and @, which best
explain the observed texts, i.e. maximise the total probability of P(W , Z|O( , ﬁ) This formalisation
creates the basis for further implementation of the system of thematic analysis, assessment of the
quality of the model and interpretation of the content of the obtained topics.

Thematic modelling using the Latent Dirichlet Allocation (LDA) algorithm is based on a
probabilistic generative model that describes how texts may have been created from a particular set
of topics. The key idea is that the process of writing each paper can be thought of as a random
process of selecting topics and words from those topics, driven by statistical patterns of co-
occurrence of tokens. LDA models each document as a stochastic mixture of topics, and each topic
as a stochastic mixture of words. It means that:

e  The document does not belong to only one topic, but contains particles of several
issues.
e  Different topics with specific probabilities can generate a word in a document.

Thus, for each document d,, (where m=1,2,..., M) and each word w,,, in it (n=1,2,...,N ),
the model describes a two-stage generation process:

1.  Choosing a topic z,,, for the word wW,,,,, according to a multivariate distribution:

Z,, ~Multinomial (6, ), (15)

where 0,, — is the probability vector of topics for the document d,,.
2. Choosing the word w,, from the distribution of words of the topic (l)zm":

w,,, ~ Multinomial (d)zm) (16)

>



where ¢, - is the probability vector of words for the topic Z,,,.

The LDA model uses the Dirichlet distribution, a multivariate generalisation of the beta
distribution, which is often used as a prior distribution for probability quantities having the sum of
1. For each document, the parameter 8, — is selected as:

6. ~ Dirichlet(a), (17)
where a is a hyperparameter vector that controls the level of concentration of topics in the

document:

) If , <1, the document contains a small number of dominant topics;

. If a,>1, the document has a more uniform combination of issues.

Similarly, for each topic t,, the parameter @, - is selected as:
¢, ~ Dirichlet|(),

where 8 determines the degree of "blurredness" of the distribution of words in the subject:

e  small B — each topic is concentrated around a few keywords;

e large B — words are distributed more evenly.

Given the dependencies, it is possible to write the common probability for all variables of the
model:

(18)

Gm)P(wm

K
N zmn,(D),
k=

P(W,Z,0,0|a,8)=]] P(¢k|,8)l:[1 P(@m\a)]:m[1 P(z,,

1
where W={w, | - all corpus words; Z={z,,} - hidden topics for each word; 0=(0,} -
topic distributions for all documents; @ = { ¢k} — word distributions for all topics.

To obtain the probability of the observed data (i.e. words), you need to integrate for all latent
variables:

P(Wla,B)=[ [ Y. P(wW,z,0,0|a,8)dOd (19)

o> Z
This expression is the fundamental equation of thematic modelling, which describes how well
specific parameters @ and @ explain the corpus of texts. The goal of thematic analysis is to find a
posteriori distribution of hidden variables:

P(w,z,0,0|a,p) (20)
P(Wla,p]
However, an accurate calculation of this distribution is not possible due to the large number of
parameters and complex integration. Therefore, approximation estimation methods are used:

PO,D,Z|W,a,B)=

e  Variational Bayesian method (VB) replaces the actual distribution with an
approximate one, minimising the Kullback-Leibler divergence between the two.

e  Collapsed Gibbs Sampling: Repeatedly generates Z samples from conditional
distributions, gradually approximating the actual distribution.

In conditional form, Gibbs sampling allows you to update the topic for each word - w,,, using
the formula:
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where n;'j}(" - the number of words in the mmm document related to the topic k (without the
current word); n;’n‘:/n - the number of times the word w,,, appeared in the topic k; n,"™" - is the

total number of words attributed to the topic k; &, B,, — are Dirichlet hyperparameters.

This expression reflects the interdependence between topics and words: a word with a higher
frequency in a specific topic is more likely to be reassigned to it. After the algorithm converges,
two sets of parameters are obtained:

e  matrix O (size M X K) - displays the distribution of topics for each document;
e  matrix D (size K X N) — describes the probabilities of words in each topic.

These matrices form the basis for:

e  building thematic profiles of documents;
e  visualisations in the form of thematic maps (pyLDAwvis);
. quantitative analysis using coherence and perplexy metrics.

The LDA probabilistic model combines mathematical accuracy and practical interpretation.
Unlike the "black boxes" of neural networks, its parameters have a clear semantic interpretation:

e ¢, - is the verbal core of the topic, whose keywords can describe.

e 0, - is athematic imprint of the document, showing which topics dominate it.

Thus, LDA not only formally classifies texts, but also reproduces the hidden content structure of
the language, which makes it an indispensable tool in the tasks of analytics, knowledge search and
classification of large text corpora.

The parameter estimation process in the Latent Dirichlet Allocation (LDA) model is to restore the

a posteriori parameter distributions ©=1{0,,},®={¢, | and hidden variables Z={z,,}, which are
as consistent as possible with the available data of the corpus W={w,,|. Since the direct
analytical calculation of the posterior distribution P(@ ,D, Z|W , B) — is impossible due to the
complexity of integrals and sums, approximation methods of estimation are used, which give

statistically justified approximations. Recall that the posterior distribution in the LDA model is as
follows:

P(w,z,0,0|a,p] (22)
P(Wla,B)

Here, the denominator P (W|O( ,B ) — is the normalising integral:

PO,D,Z|W,a,B)=

PWla,pl=[ [ Y P(W,z,0,0|a,BldOd (23)

oo Z

Therefore, stochastic and variational methods are used to calculate the parameters of the model,
which allow you to approximate this distribution.

The Variational Bayes (VB) method is based on the idea of replacing a complex a posteriori
distribution with a simpler one that belongs to the parameterised family of Q distributions. Let
Q(@,CD,Z ) - is an approximation distribution that tries to get as close as possible to the true
P (@ ,D,7 ‘W ,a, ) The measure of proximity between them is measured using the Dandelion-
Leibler divergence (KL-divergence):
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The purpose of the variational method is to minimise the KL divergence, i.e. to find the Q

KL(Q\/LP)Z[Q(@,(D,Z)IogP

parameters that best approximate the actual distribution. It is equivalent to maximising the lower
limit of the logarithm of plausibility (ELBO — Evidence Lower Bound):

L(Q)=E,|logP(W,Z,0,®|a,B)|-E,[logQle,®,Z]] (25)
a,B)2L(Q).

The optimisation process L(Q) - is performed iteratively to convergence, similar to the

which is the lower estimate of the log plausibility of the data log P (W

Expectation-Maximisation (EM) algorithm. An alternative and more intuitive method is Gibbs
sampling, which belongs to the class of Markov Chain Monte Carlo (MCMC) methods.
The main idea is to sequentially choose topics for each word based on conditional probability:

n,:,”;"mn +B, (26)
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where n;li"k" — is the number of words in the mmm document belonging to the subject of k

P(zmHZk‘Z W,a,B)oc(n;f'L%ak)
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(except for the current word); n,:,n‘:,n - is the number of times the word w,,, appears in the topic k;

n,™ - is the total number of words in the subject of k; @, B, — are hyperparameters of Dirichlet

distributions.
After many iterations of sampling, the circuit reaches a steady state in which the Z samples are
distributed according to an accurate posteriori distribution.

Ny + 0 — n, w+iBw (27)
em,k: , , ()bk,w: ’ .
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The a, [ hyperparameters determine the structure and coherence of topics and can be fixed
(pre-selected empirically) or optimised when training the model.

Optimisation can be performed using the maximum likelihood (ML) method or posteriori
estimate maximisation (MAP ).

(e+1)_ _[t] Q(Ofk) (28)

a, =a h((xk),

where g(ork) and h(ak) — is the gradient and the second derivative (Hessian) of the log-

probability function.

Small values of « lead to the dominance of a few topics in the document, while large values lead
to a more even distribution. Similarly, a small § - causes topics to concentrate around a limited
number of words, while a significant 8 — increases the confusion of issues.

LDA training continues until the values of the target function or metric (e.g., ELBO or log
plausibility) stabilise:

‘L(t+1]_L(t)‘<g’ (29)

where ¢ is the stop threshold (usually 10 % or 10_5). In the case of Gibbs sampling, convergence
is checked by the stability of the estimates of the parameters 0 and ¢ over several successive
iterations.

Upon completion of the evaluation process, the following results are obtained:



e  The matrix @Z[Qm, k] — describes which topics are present in each document and
with what probability.

e  The matrix @ Z[(bk,w] — shows how characteristic a specific word is for a particular
topic.

e Vector Z - displays the thematic affiliation of each word of the corpus. It
information can be used to build thematic maps and frequency analytics.

The obtained parameters have a clear statistical and substantive interpretation 8, , - is the
probability that the document d,, belongs to the topic t;; ¢, ,, — is the probability that the word

www is representative of the topic t,. Based on these parameters, you can:

e  To determine the dominant themes of texts.

e  Analyse the thematic structure of the corpus.

e  Build semantic connections between topics.

e Apply the results for further machine learning (classification, search,
recommendation systems).

Since thematic modelling is an unsupervised method, classical classification metrics (accuracy,
F1, etc.) are not suitable. Therefore, the quality of the Latent Dirichlet Allocation (LDA) model is
assessed by internal metrics — those based on logical, probabilistic or semantic criteria. The main
ones are Perplexity, Coherence and its improved version NPMI (Normalised Pointwise Mutual
Information). Perplexity is a classic probabilistic measure that assesses how well a topic model
agrees with test data. Intuitively, it measures the "degree of surprise” of the model when trying to
reproduce new texts: the smaller the perplexity value, the better the model reflects the structure of
the language. Let's say we have a test corpus of documents — D, which was not used when
training the model. Then perplexity is defined as:

M, (30)
ZlogP(wd)

d=1

Perplexity (Dtest) =exp{—

where P(Wd) — is the probability of a d document according to the LDA model; N, - the

number of words in the document; M, — is the number of documents in the test case.
The probability of a d document is calculated as:

Ny

Plw =13 Plw,
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(31)

24,=k)P(z4,=k|d).

e A smaller perplexity value — the model is better at predicting unknown texts.
e  If perplexity decreases with the number of topics, but then begins to grow, this
indicates retraining.
e  Typical values for well-balanced Ukrainian-language corpora (with purification
and lemmatisation):
a.Perplexity ~# 600 —900 - low quality, blurry themes;
b. Perplexity # 300 — 500 - satisfactory quality;
c.Perplexity ~# 100 — 250 - high model consistency.



For a corpus of 5000 Ukrainian news articles, after lemmatisation and elimination of stop words,
the following was obtained:

Table 4
Results of the analysis of the corpus of 5000 Ukrainian news articles

Number of Topics (K) ~ Perplexy |

5 720.3
10 480.6
15 290.2
25 275.8
40 310.1

The optimal is K=15-25, where there is a minimum of perplexy; therefore, the model is best
consistent with the linguistic structure of the texts.

Coherence is a semantic metric that assesses how meaningful the topics formed by the model
are. It measures how often the most important words of the topic occur together in texts, that is,
whether there is a logical connection between them. For each topic t, defined by the set of the most

important words W, = (w,,w,,...,w,, ], the coherence is calculated as:

(wl,w )+e (32)

CUMass(Wk) Z og——— ( J) ,
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where D(Wi,w ) — is the number of documents in which the words w; and w j occur together;

D(W j) - is the number of documents containing the word w; € - is a small number to prevent

division by zero.
The coherence of the entire model is calculated as an average of all topics:

1 (33)
model = E Z UMass ( )

where C>0 - is the topic is semantically consistent; C~(Q - is a weak connection between
words; C<0 - is a random or chaotic topic.

For Ukrainian texts, in particular, news or popular science corpora, the following values are
acceptable:

C... €10.3;0.6]-is good coherence;

e C,0>0.6 - is high semantic consistency.

For a model with 15 topics built on a news corpus, the following coherences are obtained:

Table 5
Results of the analysis of the 15-topic model built on the news corpus

No. Top Words

C UMass

1 {government, budget, economy, taxes, finance} 0.61




2 {war, army, front, soldiers, weapons} 0.68

3 {education, students, university, science, training} 0.54

4 {sport, match, team, championship, players} 0.62

The average coherence of the model is C,,,4,,=0.61, which indicates good thematic separation
and high content of topics. The NPMI (normalised mutual information) metric is a modern
improvement of coherence that takes into account the statistical interdependence of words in a

topic. For a pair of words (W,-, Wj) - is defined:

P(w,w)) (34)
PMI(w,,w,|=log :
P (Wi)P(Wj)
and the normalised form:
PMI(w,,w)) (35)

NPMI(wi,wj)z_logP(W' )
RIS

Then the coherence of the topic is calculated as:
(36)
wi),

2> NPMI|w

CNPMI(Wk):ij

and for the entire model:

model ii ( ) (37)
NPMI K = NPMI
where Cpy; €[0,1]. The closer to 1, the better the semantic matching; a value of (0.2

indicates noise or uninterpreted topics. For the Ukrainian News Corpus (»10,000 documents,
200,000 lem):

Table 6
Results of the analysis of the Ukrainian News Corpus (10,000 documents, 200,000 lems)

- del
Number of Topics (K) Clow 1

5 0.21
10 0.37
15 0.48
20 0.46

30 0.42




model

The optimal model with K =15 topics has Cp,,;=0.48, which corresponds to high coherence

for Ukrainian-language texts.

Table 7

Benchmarking metrics

Metric Grade Type Optimum Interpretation

Perplexy Probabilistic | Minimum  Less value — better model consistency
Coherence  Semantic 1 maximum Topics have logically related words

(UMass)

NPMI Normalized semantic | maximum Quantifies meaningfulness and stability of topics

For medium-sized Ukrainian-language buildings (3-10 thousand documents), the best balance is
observed when:

e Ke€[10,20],

e  Perplexity ~250— 400,
o Clyus €10.4,0.6],

« CM [0.45,0.55].

The perplexity, coherence, and NPMI metrics complement each other:

e  Perplexy evaluates the statistical consistency of the model.
e  Coherence - semantic logic.

e  NPMI - normalised content of topics in the context of the entire language.

For Ukrainian-language corpora, where linguistic morphology is more complex (cases,
prefixation, suffixation), the best results are achieved after lemmatisation, elimination of stop
words, and normalisation of frequencies before building LDA. The combined use of metrics allows
not only to assess the quality of the model, but also to select the optimal number of K topics and
hyperparameters a , 3, providing a balance between accuracy and interpretation of the results.

The parameters obtained as a result of training the Latent Dirichlet Allocation (LDA) model have
both statistical and semantic significance. After performing the evaluation procedures, the model is
defined by two main matrices:

e  The matrix @2[9,,,, k] wxx — reflects the probability that the d,, document belongs
to the topic of t;
e  The matrix €D=[¢kyw] kxn — reflects the probability of the word www appearing in

the topic t,.

These two matrices form the basis for clustering, comparing, visualising, and practical
interpretation of the thematic structure of the corpus. For each document d,,, has:

0,=[0,,,0,,,....0,, (38)

m

K
where Z 0,,=1

k=1



Each element 0,,, - is the probability that the document d,, belongs to the topic t,. The vector
6., - can be considered as the thematic profile of the document in the space of dimension K. For

each topic, {;:
¢k:[¢k1’¢k2"")¢k]\l]> (39)

N
where Z ¢, =1.
w=1

The element ¢,, — shows how characteristic the word w is for the topic t,. Words with the
largest ¢,,, — form the semantic core of the topic, that is, a set of key lexemes that best describe it.
The matrix @ specifies a new representation of documents in the K topic space:

D=(6,.,6,,...,0,,},0, € RX. (40)

Thus, each document is presented not through words, but through a vector of thematic weights.
For two documents d; and d; - described by the vectors 0;,8), their thematic similarity is

calculated, for example, by the cosine measure:

. 6,46, (41)
S 7Y Y

Alternatively, you can use the Euclidean distance:

K ) (42)
Dist(d;,d;)= l;(e,.k—ejk).

Small Dist values or large Sim values mean that the documents have similar thematic content.
The resulting 0,, vectors can be grouped using classical clustering methods, such as K-means,
Agglomerative clustering, DBSCAN or HDBSCAN. For each document, the belonging to the C;
cluster is calculated, which is formally defined as:

C,=(d,/argmax8,,=j| (43)
k

J

Therefore, documents dominated by the same theme (maximum 6,,) fall into the same cluster.
For the Ukrainian News Corpus (15 topics):

Table 8

Results of the analysis of the Ukrainian news corpus (15 topics)

Document Dominant theme Topic Top Words Interpretation

d, 2 war, front, army, weapons Military events

d. 4 government, budget, economy, taxes Financial policy

ds 9 University, Education, Science, Students Educational sphere
d, 2 army, soldiers, front, Ukraine Military News

d; 9 School, Studies, Students, Teachers Education




Thus, documents d, and d, — form one cluster (military), and d; and d; - another (educational).
It can be considered as a visualisation of the space ® and @ after the dimensionality is reduced.
Mathematical foundations of construction:

1. Input:

. The matrix @, x - is the distribution of topics in documents.

. The matrix @ .y - is the distribution of words in topics.

2.  Dimension reduction to build a two-dimensional or three-dimensional map, the
following methods are used:

e  t-SNE (t-Distributed Stochastic Neighbour Embedding):
expl~Jo,-0, 120" “
" Z exp (—HBQ—BbHZ/Z 02)’
azb

where P;; - is the probability of proximity of documents I and J.

e  UMAP (Uniform Manifold Approximation and Projection) — building a map based
on topological proximity and local data density.

3. Visualization:

° Each point is a document, its coordinates (xm,ym) — are obtained with a decrease
in dimension 0,,.

e  The colour of the dot corresponds to the dominant theme.

e  The distances between the points reflect thematic proximity.

To construct a semantic map of topics, the matrix @ - is used: t; topics with close distributions
@, — are located side by side.
_ ' (45)
Dlst(ti,tj):1—M

ol

It allows you to identify semantically related topics, for example, education <> science, army <>

politician, and economics <> business.
Based on O, the model can automatically classify new texts:

k=arg max P (t,|d (46)
k

new) new k.

=argmax 6
k

It allows you to create automatic thematic distribution systems (for example, classification of
news, scientific articles or user reviews). In the problem of searching documents for the query g:

4. The query vector 0, — is defined as the mean of the ¢ vectors of its words:

= 2 0. (@)

=
‘CI|w,6q

5. The similarity between 6, and each 0,, - is then calculated:



) _ 6,0, (48)
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It allows you to implement a semantic search that understands the content of the query, and not
just the coincidence of words. Using document timestamps, you can track changes in the frequency
of topics:

flt)=— > 0, #9)

‘D[ deDL

It allows you to create dynamic thematic maps and determine which topics are gaining or losing
relevance. The 0,, vectors can be used as features for further models (e.g., in recommendation, user
classification, or news systems). For a corpus of Ukrainian publications with a volume of 10,000
documents, the LDA model with K =15 topics gave the following results:

Table 9

Results of the analysis of the corpus of Ukrainian publications with a volume of 10,000 documents
N Keywords (top 5) Semantic category Middle fraction G_k
1  army, war, front, weapons, Ukraine Military themes 0.18

2 government, taxes, economy, budget, hryvnia  Economics 0.15

3 education, students, university, science, school Education and science  0.12

4  Sports, Match, Team, Championship, Players Sport 0.09

5  culture, theatre, music, film, festival Culture 0.07

On the semantic map, these topics have formed separate clusters, and education-science and
culture-art are located close to each other, which corresponds to their real content affinity.
Thus, the estimated parameters @ and @ have a double value:

e  mathematical — as parameters of a probabilistic model;

. semantic — as vectors of semantic representation of texts and topics.

Their use allows to form thematic clusters; build semantic maps; search and analyse information
at the content level; to identify trends and regularities in large corpora of Ukrainian texts.

In the conducted study, a probabilistic model of thematic modelling of texts based on the Latent
Dirichlet Allocation (LDA) algorithm for Ukrainian-language corpora of documents is built and
mathematically substantiated.

1.  According to the LDA model, the parameters @Z[Qm’k] and @Z[qﬁk’w] - are

realisations of random variables distributed according to Dirichlet:
6 _~Dir(a),¢, ~Dir(S]. (50)

2. The full probability of the corpus of documents is derived in the form of:



(51)
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which specifies the basic plausibility function for LDA.

3. The use of approximation methods for estimating parameters — the variational
Bayesian approach and Gibbs sampling, which provide a practically feasible assessment of
the a posteriori distribution, is substantiated P (@ ,D,Z | W,a,B )

4. Analytical expressions of parameter estimates are obtained:

6/\_ nm,k+ak nk,w+Bw (52)

m,k O =
Z (nm,k""ak') Z (nk,w""Bw')’
Kk w
which allows for the recovery of the thematic structure of the enclosure based on the observed
frequencies.
Quality characteristics of the model:

1. To assess the quality of the thematic model, the following metrics were used:

e  Perplexity is a probabilistic indicator of the consistency of the model with test data.

e  Coherence (UMass) — semantic consistency of topic keywords.

e NPMI (Normalised Pointwise Mutual Information) is a normalised measure of
semantic proximity between topic words.

2. Empirical results for the Ukrainian corps have been obtained:

e  Minimal perplexity is observed at the number of topics K=15-25;

e Average coherence value C .~ 0.6;
model

e Average Cyp,,; ~0.48, which indicates high consistency and stability of topics.

3. It has been proven that for Ukrainian-language texts, the quality of modelling
significantly depends on the preliminary processing of data — lemmatisation, clearing of
stop words, and normalisation of morphological forms.

Practical significance and application:

1.  Document clustering. Using the matrix ®, documents are grouped in the thematic
space:

C,=(d,/argmax8,,= ), 53
k

J

It allows you to form meaningful thematic clusters (for example, war, economy, education,
sports, culture).

2. Construction of semantic maps. On the basis of the parameters ® and @, two-
dimensional mappings (using the t-SNE and UMAP methods) have been constructed, which
reflect the relationships between documents and topics §,.

3. Semantic search and recommendation systems. The vectors 0, — are used as
features for comparing the content of texts:



0,0, (54)
.

which allows you to implement a search by content and thematic recommendation of materials.

Slm(q d )

4.  Analysis of thematic dynamics. The function of changing the popularity of topics
over time has been built:

3 0, (55)

which makes it possible to investigate the development of social trends, changes in media
narratives and the evolution of discourses. The study showed that the LDA algorithm is an
effective tool for automatic detection of the content structures of Ukrainian-language texts.

\D\d

e  analysis of large corpora of publications and news;

) classification of scientific articles and social messages;

e  building thematic user profiles;

e  Content analytics in information and educational systems.

Mathematically, the LDA model implements an optimal balance between probabilistic
consistency (perplexity) and semantic meaningfulness (coherence, NPMI). The results obtained
confirm that even for the morphologically complex Ukrainian language, the model provides stable,
interpretable and practical results from the point of view of content analysis. Prospects for further
research:

1. Improving the model by taking into account contextual relationships between
words — in particular, through the use of BERTopic, Top2Vec or Contextualised Topic
Models (CTM).

2. Integration of thematic modelling with deep learning methods (e.g. BERT, mBERT,
XLM-R).

3. Development of Ukrainian-language corpora for teaching thematic models from
various subject areas.

4.  Automated comparison of thematic structures between languages for cross-cultural
analysis of texts.

Thus, the mathematical model of thematic modelling, implemented on the basis of Latent
Dirichlet Allocation, has confirmed its effectiveness for processing Ukrainian-language texts,
providing not only formal grouping of documents, but also a deep semantic interpretation of the
content, which opens up vast opportunities for application in scientific, educational, information
and analytical systems.

In today's information environment, the amount of text data generated daily is constantly
increasing. Texts are generated in the form of news messages, publications in social networks, user
reviews, and scientific and business documents that require in-depth analysis. Since most of this
information is unstructured, its manual processing is ineffective or even impossible with large
volumes. Within the framework of this work, a system of thematic modelling of texts is being
developed, which is able to automatically determine the topics present in a large corpus of
documents. Such a system analyses the frequency of word use in different texts, identifies hidden
patterns and groups words into topics that reflect the semantic essence of the content. Mark-up of
documents or predefined categories, which significantly simplifies the analysis and allows the
model to be used in a wide range of tasks. The successful implementation of such a system largely
depends on the correct choice of text processing methods and thematic analysis algorithms. The
accuracy of the results, the possibility of scaling, the interpretation of the output and the



adaptation of the system to different languages or types of texts depend on this. Justification of the
choice of mathematical methods, models of knowledge representation, logical inference
mechanisms and software tools that ensure the effective functioning of the decision-making system
in the problem of thematic modelling of texts.

For practical thematic analysis of textual information, it is necessary to present unstructured
text data in a formalised form suitable for machine processing. Within the framework of the
developed system of thematic modelling of texts, a classic and widely used approach to the
presentation of knowledge has been chosen - a vector model of the text, which reflects the
frequency of use of terms in the text. The most common ways to construct a vector space are the
Bag-of-Words (BoW) model and the TF-IDF (Term Frequency — Inverse Document Frequency)
model. Both approaches allow you to convert text into a numerical vector, where each coordinate
corresponds to a specific word from the general dictionary, and the value corresponds to the
frequency of its occurrence in the document or in a unique context. The bag-of-words model is
simple and effective: it counts the number of times each word from the dictionary occurs in a
document and does not take into account word order or grammatical relationships. This approach
allows you to quickly form a vector representation of the text and provides a sufficient quality of
analysis for the task of thematic modelling. In turn, the TF-IDF model complements the BoW,
taking into account not only the frequency of a word in a particular document, but also how rare
or characteristic it is in the entire corpus. It allows you to reduce the impact of commonly used
words (even if they are not stop words) and increase the significance of terms that are specific to a
particular topic. As a result of processing the corpus of documents, a "document-term" matrix is
formed, which is the basic source of knowledge for building a thematic model. Thus, the
representation of knowledge in the form of a vector space is a reliable and mathematically
grounded way for the further application of thematic analysis algorithms, in particular LDA.

In the developed system of thematic analysis, probabilistic thematic modelling is implemented
using the Latent Dirichlet Allocation (LDA) algorithm, which is the primary mechanism of logical
inference. This is one of the most well-known and proven approaches in the problems of analysis
of unstructured texts, which makes it possible to identify hidden (latent) thematic structure in large
corpora of documents. The LDA algorithm is based on the idea that each document is The model
assumes that the process of writing each document took place with the participation of several
topics, which in different proportions "influenced" the choice of words in the text. . This approach
is much closer to the real functioning of the language, when the text often combines several
semantic directions. The process of logical inference consists in building a probabilistic model of
the distribution of words by topics and topics in documents based on input texts presented in the
form of vectors (for example, through Bag-of-Words or TF-IDF). The algorithm uses a Bayesian
approach and includes two hyperparameters — alpha () and beta (), which control the "blurring”
of topics on documents and words on topics, respectively. The result of logical inference is two
main components:

e 0 (theta) — distribution of topics in each document;

e ¢ (phi) - distribution of words in each topic.

Thus, the model makes decisions about the thematic structure of texts not on the basis of
external markers or keywords, but on the basis of statistical patterns of word co-use. It allows for
the detection of topics even when they are not explicitly labelled in the text, which is critical for
the analysis of large unstructured data sets. The selected LDA model provides high interpretation,
which makes it convenient not only for internal machine analysis but also for further presentation
of the results to the end user (analyst, researcher, journalist, etc.). Within the framework of the
project on thematic modelling of texts, the Latent Dirichlet Allocation (LDA) method was chosen as
the main algorithm for identifying topics in the corpus of documents. This choice is justified both
from a theoretical and practical point of view, since LDA combines ease of implementation, high
interpretability of results, and adaptability to different types of texts. First of all, LDA is a method



of unsupervised learning. It means that to build a model, you do not need pre-marked data -
documents with specified topics. The model independently detects the structure of the input data
and identifies hidden topics, which is especially valuable in conditions of limited or absent
resources for manual labelling. It also allows the algorithm to be used in problems where the
subject matter of the documents is unknown or unpredictable. Another significant advantage is the
high interpretation of the results. In LDA, each topic is presented as a distribution of words, which
allows it to be formulated as a set of key terms. Similarly, each document is described as a
combination of topics with appropriate weights. This structure enables the analyst not only to see
which topics exist in the corpus, but also to understand why a particular text belongs to a specific
topic, exploratory analysis or decision-making. In addition, LDA is a flexible tool, as it allows you
to change the number of topics depending on the user's needs or the size of the case. In the process
of experiments, it is possible to vary the parameters of the model (the number of topics, the number
of words in the topic, word frequency thresholds, etc.), choosing the optimal representation of the
content of texts. Explainability and customizability, the LDA algorithm occupies a central place
among the classical methods of thematic analysis of texts. Its effectiveness and reliability have been
proven in numerous applied projects — from the analysis of customer reviews to the study of
scientific publications, which confirms the feasibility of its choice for the implementation of the
system being developed. In the field of thematic analysis of texts, there are a large number of
approaches that allow you to group documents by content or identify the main topics. However,
each of these methods has its own characteristics, limitations and suitability for certain types of
tasks. Within the framework of this work, a comparative analysis of the most common approaches
was carried out: Latent Dirichlet Allocation (LDA), K-means, Naive Bayes/SVM, BERTopic and
NMF. The primary purpose of this analysis is to substantiate the feasibility of using LDA as the
core of the system being developed. The main criteria for comparison:

e  Availability of training tags (whether the method of manual marking of documents
is required);

e Interpretation of the results (whether it is clear why the document is related to a
specific topic);

e  Taking into account the context (whether the method takes into account the
meaning of words depending on neighbouring words);

e  Performance/resource intensity (does it require a lot of computing resources);

e  Flexibility (whether it is possible to change the number of themes, parameters, and
scales).

Table 10
Comparative methods

Method Needs Interpretation Taking into account Speed of Resource Flexibili

labels  of the result the context work intensity ty
LDA No High N/a Average Low High
K-means No Low N/a High Low Limited
NB Yes High N/a High Low Low
BERTopic No Average Is Low High High

NMF No Average N/a High Low Limited




Latent Dirichlet Allocation (LDA) is a probabilistic model that allows you to automatically
detect topics in texts without the need for training labels. Each topic is presented as a list of
keywords, and each document is described as a set of topics with different weights. It allows the
user not only to see what topics are present in the corpus, but also to understand which words
characterise them. Although LDA does not take into account context (i.e., all words are considered
independently), it remains one of the best models for its combination of simplicity, explainability,
and efficiency.

The K-means clustering method is often used to group similar documents based on a vector
representation (for example, TF-IDF). Although it allows you to automatically form groups of
documents, it does not describe the topic - there is no list of words that characterise each cluster.
Thus, it is more suitable for dividing into "similar texts" than for in-depth semantic analysis. Also,
the number of clusters is set manually and needs to be configured.

Naive Bayes / SVM - these models belong to supervised learning and are used for classical
classification of texts. They show promising results, but require a study sample with topics already
marked. It makes it impossible to use in problems where the topic is not known in advance. In the
context of our system, which is supposed to work without labels, these approaches are not suitable.

BERTopic is a modern model that combines the capabilities of transformers (for example, BERT)
with clustering. It takes into account the context of the word in the sentence, which makes it
possible to highlight topics much more accurately. But its main drawback is high computing
requirements (a GPU is required, a lot of memory). In addition, its results are less interpretable for
the non-professional user. For tasks where simplicity and transparency are essential, BERTopic is
less convenient.

NMF (Non-negative Matrix Factorisation) is a matrix decomposition method that is also used for
thematic analysis. It allows you to find topics as factors in the decomposition of the document-term
matrix. Although NMF performs well on small cases, it is less stable and less explainable than LDA.
Also, it does not give a clear probabilistic representation of topics in documents.

For the implementation of the system of thematic modelling of texts, a set of software tools was
chosen that provides effective processing, modelling and visualisation of results. All tools are open,
free, widely supported by the community, and have documentation that makes them easy to
implement and modify. Python was chosen as the primary development language due to its
popularity in the field of natural language processing (NLP), the availability of numerous libraries,
convenient syntax, and active support.

Python acts as the system's main implementation environment. This programming language has
a rich set of tools for scientific computing, data analysis, and machine learning. It allows you to
effectively work with texts, process, visualise, and integrate with web interfaces or graphical shells.
Python must support the processing of Ukrainian-language texts, which is relevant for our system.

The Gensim library, which is one of the world's most popular LDA implementations, was
chosen to build the thematic model. It allows you to work effectively with large volumes of text,
implements both model training and topic revision, saves models, works with dictionaries, etc. Its
key advantages are its high performance and ease of integration with other Python modules.

The pyLDAvis library is used to visualise the results of the thematic modelling. It allows you to
present the topics you find in the form of an interactive map, which shows the distribution of
topics, the weight of keywords, and their connections. Such visualisation makes it much easier for
the user to interpret the results, especially in cases of a large number of topics or documents.

The Pandas library is used to store and process modelling results — tables with the distribution
of topics across documents, frequency tables, export to CSV format, etc. It is also used in the stage
of pre-processing the corpus of texts and aggregation of data for analysis.

At the stage of text pre-processing, NLTK (Natural Language Toolkit) or spaCy libraries are
used. They provide stop word removal, tokenisation, lemmatisation, and other linguistic
operations. NLTK has built-in dictionaries of Ukrainian stop words, and spaCy can be extended to
work with the Ukrainian language through third-party modules (spacy-uk).



All of these tools are open-source, have an active community, and are constantly updated. They
allow you to build robust, flexible, and scalable case study systems that can be easily adapted to
different languages and types of text data. In the process of choosing technologies for the
implementation of the system of thematic modelling of texts, a number of alternative tools and
platforms with similar functionality were also considered. These include cloud API services
(Google Cloud Natural Language API, IBM Watson Natural Language Understanding), platforms
with ready-made analysis templates such as MonkeyLearn, and modern transformer-based models
— in particular, BERTopic. Despite their potential advantages, they turned out to be less suitable for
the tasks of this project, which will be justified below. Google Cloud Natural Language API - this
service offers ready-made functionality for classifying texts, analysing sentiment, extracting
entities, etc. However, in the context of thematic modelling, it has a number of limitations:

e  Thematic categories are pre-fixed; they cannot be changed or tailored to body.

e  Support for the Ukrainian language is limited or non-existent.

e  The service operates on a paid model, which creates dependence on the budget and
external infrastructure.

e  The lack of control over internal modelling processes makes it impossible to
explain the results (i.e., interpretation decreases).

IBM Watson Natural Language Understanding also offers a high-level platform for
analysing texts, including classification, emotional analysis, and key concepts. However:

e  The platform is focused on English-speaking and global markets, but the Ukrainian
language is not supported.

) Topics are defined based on built-in categories, which are not suitable for tasks
where you need to highlight new or specialised issues.

) The Watson interface is built like SaaS, which means limited customisation and
integration into on-premises solutions.

e Like Google NLP, Watson is a commercial closed product, and therefore not
suitable for fully open research or academic solutions.

MonkeyLearn is a no-code/low-code text analysis platform that allows you to create your own
classifiers and topic analysers using templates. Although it is user-friendly without technical
training, its capabilities have a number of significant limitations:

e  The work is mainly based on classification by labels, and not on full-fledged
thematic modelling.

e  All computing takes place in cloud, and therefore, local integration is not possible.

e  Limited support for the Ukrainian language.

e The free version has very tight volume restrictions.

BERTopic is a modern Python library that combines the capabilities of transformers (BERT)
with clustering. It is able to take into account the context of words and form dynamic, flexible
topics. However, its use in the project was rejected due to:

e  Extremely high resource consumption - you need a powerful GPU, a significant
amount of memory, and a complex environment setup.

e Low interpretation: topics are defined through vectors rather than transparent
word frequencies, so it is much more difficult to explain why a document belongs to a topic.

e  Support for the Ukrainian language is partial and requires downloading separate
models.



As a result of the analysis, it was found that for tasks related to the detection of topics in
unstructured text data, the optimal solution is to use Latent Dirichlet Allocation (LDA) - a
probabilistic model of thematic modelling that does not require training labels and allows you to
find hidden topics in documents based on the distribution of words. LDA provides a high level of
interpretation of results, which is essential for making informed decisions and creating reports. In
addition, the model is flexible, highly scalable, and does not require excessive computing resources.
The representation of knowledge in the system is carried out through vector representations of the
text - Bag-of-Words and TF-IDF models. They allow you to turn natural language into structures
that are convenient for processing by machine learning algorithms. It ensures effective pre-
processing of information before transferring it to the thematic model. In the process of logical
inference, the model makes decisions based on the distribution of probabilities: it determines the
probability with which certain words belong to a particular topic, as well as in what ratio the topics
are present in each document. This approach imitates the real process of reading and analysing the
text, allowing the system to reveal the semantic structure without human intervention. A
comparative analysis with alternative methods — K-means, Naive Bayes, BERTopic, NMF, as well as
with external platforms such as Google NLP API, IBM Watson and MonkeyLearn — showed that
although these tools have their own advantages, none of them combine simplicity, flexibility,
openness, interpretation and local support as LDA does in the Python environment. Separately, the
choice of software tools such as Python, Gensim, pyLDAvis, Pandas, NLTK and spaCy was
justified. All of them are open-source, well-documented, support Ukrainian language processing,
and ensure efficient implementation of both the main computing and visualisation components of
the system. Thus, the work made it possible to lay a methodological basis for the practical
implementation of the program module of thematic analysis of texts. Carefully selected methods
and tools ensure the accuracy, adaptability, and efficiency of the system being developed and that it
is ready for further software implementation within the following stages of work.

5. Experiments

Now we are in a modern digital environment, and the volume of textual information is constantly
growing. Every day, users, government agencies, media, scientific organisations, and other sources
generate vast amounts of text data, including news, reports, publications, social media posts, and
more. In the conditions of such an information flow, there is a need for a fast, effective and
automated analysis of the content of texts. Thematic modelling is an essential tool in Natural
Language Processing (NLP) that allows you to discover hidden structures in a collection of
documents. It will enable you to determine what is being said in large arrays of texts, without the
need for their manual reading, which is especially important for media analytics, public opinion
research, information monitoring, library systems, etc. This topic is especially relevant for
Ukrainian-language sources, where resources for deep language analysis are still limited, and
ready-made analysis systems often do not support the Ukrainian language at the proper level.

Table 11
Purpose of the study

#  Purpose

1  Development of software for thematic modelling of Ukrainian-language texts.

2 Automatic classification of documents by topic.

3 Identifying the keywords that shape each topic.

4  Determining the topic of the new text.




5

Evaluating the quality of a thematic model using coherence.

6

Visualisation of the results of thematic modelling.

The key problem is information overload: an analyst or user is not able to manually process and

summarise dozens or hundreds of documents, especially when they are unstructured. Due to the
lack of tools for automated thematic analysis, time is lost, the likelihood of errors increases, and
data-driven decision-making is also tricky.

Table 12

Applied methods

#  Method/Tool Appointment

1 LDA Thematic modelling, identification of probabilistic distributions of topics

2 NLP Pre-processing of texts: tokenisation, clean-up, normalisation

3  Stanza Lemmatisation of Ukrainian words based on deep learning

4  Gensim Creating an LDA model, dictionary, and corpus, and calculating coherence

5 pyLDAvis Interactive visualisation of topics and their structure

Table 13

Software architecture and structure

# Module Name Appointment

1 Data processing module Performs text cleanup, tokenisation, lowercase, stop word
(pre-processing) removal, and lemmatisation (via Stanza).

2 Thematic Modelling Trains the LDA model based on the corpus of texts created after
Module (LDA) pre-processing; forms topics as a distribution of words.

3 Coherence Assessment Calculates the topic coherence metric (c_v) using the
Module CoherenceModel from the Gensim library.

4 Interpreting and Generates conditional topic names based on keywords; allows
generating topic names you to better interpret the semantics of topics.

5 Results visualisation Outputs an interactive topic map (pyLDAvis) and a coherence
module graph for a different number of topics.

6 New Texts Classification Accepts new text, performs processing and classifies,

Module

determining the probabilities of belonging to topics.

The software for thematic modelling of texts is implemented in the form of a modular system,

where each component is responsible for a separate functionality. This approach provides
flexibility, code reuse, and ease of scaling or adapting to other languages or tasks.



stop_words = {
. 9%, ", Tmet, et Cmfmt, TmEl, Cmwit, et ,M.’ 5, T
‘ue', 'mo", ‘'BoHa‘', 'Horo", 'ii‘', 'mu’, 'Bonu’, 'BM’, 'TM', 'x', 'sk’',
‘Tak', 'H', ‘ane', 'uu’, ‘Takum', 'Toro', '6byno’, '6yna’, ‘Tomy', 'Takui',

€', '6ys', '6yme', 'moxe’, 'Hi', 'me’', 'koro', 'koro-Hebyap', 'HixTO'

def preprocess(text):

doc = nlp(text)

lemmas = []

for sentence in doc.sentences:

for word in sentence.words:
lemma = word.lemma.lower()
if lemma.isalpha() and lemma in stop_words and len(lemma) > 2:
lemmas . append(lemma)
return lemmas

df = pd.read_csv("president_newss.csv")

print(df.columns)
[ndex([ title', "text'], dtype="object®)

df.head()

import warnings
from tqdm import tqdm

warnings.filterwarnings(“ignore”, category=DeprecationWarning)

texts = df['text’'].dropna().tolist()
processed_texts = [preprocess(text) for text in tgdm(texts)]

Figure 3: Data processing module (pre-processing)

lda_model = LdaModel|(
corpus=corpus,
id2word=dictionary,
num_topics=22,
random_state=42,
passes=10,
alpha="auto’

)

winsound.Beep(1000, 1000)

topics = lda_model.print_topics(num words=7)
for i, topic in topics:
print(f"Tema {i + 1}: {topic}")

Figure 4: Thematic Modelling Module (LDA)



compute_coherence_values(dictionary, corpus, texts, start, limit, step):
coherence_scores = []
models = []
for num_topics in range(start, limit + 1, step):
model = LdaModel(
corpus=corpus,
id2word=dictionary,
num_topics=num_topics,
random_state=42,
passes=10,
alpha="auto’
)
coherence_model = CoherenceModel(
model=model,
texts=texts,
dictionary=dictionary,
coherence="c_v'
)
score = coherence_model.get_coherence()
coherence_scores. append(score)
models.append(model)
print(f"num_topics={num_topics} -+ korepeHTHicTb={score:.
return models, coherence_scores

winsound.Beep(1600, 1000)

num_topics=12
num_topics=13
num_topics=14
num_topics=15
num_topics=16
num_topics=17
num_topics=18
num_topics=19
num_topics=20
num_topics=21
num_topics=22
num_topics=23
num_topics=24
num_topics=25
num_topics=26
num_topics=27
num_topics=28
num_topics=29
num_topics=30
num_topics=31
num_topics=32
num_topics=33
num_topics=34
num_topics=35
num_topics=36
num_topics=37
num_topics=38
num_topics=39
num_topics=40

Figure 5: Coherence Assessment Module
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: 0.016*"pumcbkuit” + 0.014*"xiv" + 0.013*"nana” + 0.010*"cBaTuii" + 0.010*"neB" + 0.009*"mec" + 0.007*"neTpo”
: 0.856*"ingia" + 0.014*"ingidcbkui™ + 0.814*"minicTp" + 0.013*"mix" + 0.013*"ykpaina" + 0.813*"mopa" + 0.010*"kynbTypa”
: 0.012*"komicap™ + 0.010*"coH" + 0.009*"rpanai” + 0.0@9*"¢ininno” + 0.009*"BepxoBHUI" + 0.006*"6ikeHeub" + 0.005*"yKpaiHeLp"”
1 0.015*"¢innAnain” + 0.010*"obce™ + 0.006*"cnosaubkuii” + 0.005*"anekcaHap” + 0.005*"anA" + 0.005*"Muxan" + 0.005*"BanToHeH"”
: 0.030*"patyBancHuit” + 0.027*"HavanbHuk" + 0.027*"pepxaBHuit” + 0.022*"noxexHii" + 0.021*"vacTuHa" + ©.019*"paTyBanbHuk” + 0.019*"pacHC"
: 0.012*"cBiii" + 0.011*"Hapoa” + 0.011*"kpumcbkoTaTapcbkuit” + 8.009*"reHouna” + 0.008*"ykpaiHa" + 0.008*"rpysis” + ©.008*"sonoaummp™
1 0.019*"ykpai + 0.018*"komnania™ + 0.014*"npesupeHT” + 0.011*"Bonoaumup” + 0.011*"3eneHcbkuit” + 0.010*"Takox” + 0.009*"MinicTp™
1 0.015*"ykpaiHa" + 0.013*"3eneHcbknii” + 0.013*"6yTu" + 0.011*"Bosogumnp” + ©.011*"npesnpeHT” + 0.010*"ykpaiHckkuit” + ©.010*"oneHa™
: 0.017*"nipg" + 0.012*"okynaHT" + ©.012*"sHMumTu" + 0.011*"vyac” + 0.011*"pik" + 0.009*"ykpaiHa" + 0.009*"nosmyis"
: 0.015*"ykpai + 0.012*"yexis" + 0.012*"gna" + 0.009*"byTn" + 0.808*"seTepan” + 0.008*"Takox" + 0.007*"sBonogumup”
: 0.025*"ykpaiHa" + 0.018*"npesupeHT” + 0.014*"pepxasa” + 0.013*"3eneHcbkuil” + 0.013*"Bonoaumup” + 0.011*"ykpaiHcbkuit" + ©.010*"npo”
1 0.044*"ykpaiHa" + 0.013*"nigTpumka” + ©0.0912*"yroga" + 0.012*"cdepa” + 0.911*"cTopoHa" + @.011*"6esneka” + 0.010*"pgna"
: 0.014*"ykpaina” + 0.011*"nip" + ©.011*"okynaHT" + ©.011*"pociiickkuii” + 0.009*"6puraga” + 0.009*"Boin" + ©.009*"npesupeHt”
: 0.022*"ykpaina" + 0.018*"senencbkuit” + 0.018*"Bonogumup” + 0.016*"npesupeHT” + 0.813*"gepxasa” + 0.012*"Haw" + 0.008*"rnasa”

: 0.030*"ykpaiHa" + 0.025*"npesupaeHT” + 0.017*"Bonogumup” + 0.016*"3eneHcbkuit” + 0.015*"6esneka” + 0.014*"6yTn" + ©.013*"gnA"

: 0.030*"ykpaiHa" + 0.015*"npesugeHT"” + 0.013*"3eneHcbkuit” + ©.013*"Bonogumup™ + 0.011*"yKkpaiHcekuit" + 0.011*"yeit” + 0.010*"Haw"

: 0.022*"ykpaina" + 0.015*"ana" + 0.014*"6yTu" + 0.010*"gepxaBa” + 0.010*"npesugeHT” + 0.009*"ueit" + 0.009*"Takox"

: 0.021*"ykpaina" + 0.017*"6yTu" + 0.012*"npesugent” + 0.012*"sonogummp” + 0.012*"gna" + 0.012*"senencbkuin” + 0.011*"mup”

: 0.032*"ykpaiHa" + 0.022*"npesugeHT” + 0.017*"Bonoaumup” + 0.017*"3eneHcbkuit™ + 0.015*"pepxasa” + 0.013*"mpo” + ©.011*"anA"

: 0.040*"ykpaina" + 0.021*"npesugeHT"” + 0.020*"3eneHcbkuit” + 0.020*"Bonogumup" + 0.017*"nipTpumka” + 0.016*"pepxasa” + 0.012*"Takox"
Mia i okynaHT y KOHTeKCTi 3HMWMTW » niA, OKynmaHT, 3HUWMTW, yKpaiHa, pociAcbkuii, pik

YkpaiHa i npesupeHT y KoHTekcTi Bonoaumup » yKpaiHa, NpesuieHT, BO/NOAUMWP, 3eNleHCbKWii, AepxaBa, npo

Yac i ykpaiHcbkuii y KOHTeKcTi ¢iynaTpik » 4vac, ykpaiHcbkuii, ¢iunaTpik, iHcTpykTop, 6pasH, nip

Nig i 4yac y kouTekcTi 6puraga » nip, 4ac, bpurapa, ykpaina, pociiicbkuit, rpyna

YkpaiHa i HopBeris y KoHTekcTi seneHcbkuid P yKpaiHa, HopBeris, 3eneHCbKWii, BONOAMMUP, MENOH, Npe3UAEHT
likona i npesupaeHT y KoHTekcTi ykpaiHa » wkona, npesuaeHT, ykpaiHa, AMTMHa, WTaT, BOAOAUMUD

YkpaiHa i npesupeHT y KkoHTekcTi Bonoaumup » ykpaina, NpesuieHT, BOJNOAUMWD, 3eNEeHCbKWii, YKpalHCbKWHA, Lei
YkpaiHa i cTyniHb Yy KOHTeKCTi opaeH » ykpaiHa, cTyniHb, opaeH, 6yTu, npesupeHT, iii

Ykpaina i anAa y koHTekcTi 6yTu » ykpaina, onAa, 6yTu, npesuaeHT, AepxaBa, 3eNeHCbKHUA
YkpaiHa i cTopoHa y KoHTekcTi nuTBa » ykpaiHa, cTopoHa, NMTBa, CMOJy4eHuWii, chepa, ueii
YkpaiHa i npesupeHT y koHTekcTi 3eneHcbkuid » ykpaiHa, nNpeswieHT, 3eleHCbKUA, BONoOAMMMp, NiATpuMKa, Aepxasa
YkpaiHa i 6yTu y koHTekcTi npesugeHT » ykpaiHa, 6yTu, npeswieHT, BONOAMMUpP, SeNeHCbKWii, MUp
Hinepnanp i kacnap y koHTekcTi kyHiHop » Hipjepnana, kacnap, KyHiHop, AnoHia, mauyaa, Bengkamn
NMwpuna i ypap y koHTekcTi ykpaina » nwavHa, yaap, ykpaina, HavanbHuk, 6yTu, Bonoaumup
ByTn i BMpOBHMLTBO y KOHTeKcTi ykpaiHa » 6yTu, BMpOBHULTBO, yKpaiHa, oBOpOHHMIA, KoMnaHiA, npesuaeHT

: JlepxaBHMA 1 pATYBaNbHWi Yy KOHTEKCTi HavanbHUK » AepXaBHWIA, PATYBaibHWA, HadaNnbHUK, MOXEeXHiW, yacTuHa, obnacTb
YkpaiHa i npesugeHT y koHTekcTi Bonogumup » ykpaina, NpesuieHT, BO/NOAMMWP, 3eNleHCbKWii, HiMmey4nHa, AepxaBa
Obce i pnAa y KoHTekcTi cnoBaubkuit » obce, AnA, cnoBaubkuil, wWTU, ¢iHNAHAIA, BanToHeH
YkpaiHa i 6yTu y koHTekcTi pabun » ykpaiwna, 6yTu, pabuH, yKpaiHCbKWUA, NpPe3UAEHT, 3eNeHCbKUA
YkpaiHa i npesupeHT y koHTekcTi Bonogumup » ykpaiHa, npesuieHT, BOJOAMMUD, 3eNeHCbKWii, Mup, Gesneka
PuMCbKkMiA 1 BaTWKaH Yy KOHTEKCTi CBATMA » pUMCbKMA, BaTUKaH, CBATWIA, Mmana, npecTton, Xiv
YkpaiHa i 3eneHcbkuii y KoHTeKcTi Bonogumup » ykpaiHa, 3eneHCbKWiA, BONOAMMMD, NMPEe3WAEHT, AepXaBa, Hall

Figure 6: Theme interpretation and name generation module
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Figure 7: Results visualisation module



new_text = """
Micna sasepuens inasrypauiiinoi mecw ana Pumckiuii e XIV nposis aysienuin is Mpesugentom Ykpainu Bonogumupom 3eneHckkum E nep|
™

result = classify new_text(new_text, ldamodel, dictionary)

for topic_num, prob in result:
print(f"Teva {topic_num + 1} - iiMoBipHicTb: {pro

Tewa 2 - iiMoBipricTs: 49.62%
Tewa 21 - iiMoBipHicte: 29.41%
Tewa 19 - iiMoBipnicte: 15.42%
Tewa 14 - iimoBipnicte: 3.96%

Figure 8: New Texts Classification Module

The entire software architecture is built on the principles of separation of responsibilities and
extensibility. Each module performs a distinct logical function and interacts with others through
well-defined interfaces. It makes it easy to maintain, modify, or integrate the system into more
complex information systems. The knowledge base in the developed software is presented not in
the form of traditional logical rules, but in the form of structured data and interpretation rules that
allow the system to make decisions about the thematic affiliation of the text. It is formed as a result
of training the LDA model and is used to automatically summarise the content.

Table 14Database components

Ne  Component Description
1 Glossary of A unique set of all words (tokens) included in the corpus of texts after
terms pre-processing. Created using gensim.corpora.Dictionary.

2  Topic clusters The result of the LDA model is that each topic is a cluster of the most
(theme model) likely words. For example: topic 1 = [president’, 'office’, 'council’,
'government'].

3  Topic Keywords Defined as the top-N terms with the highest probability for each topic.
These words form the semantic core of the topic.

4  Topic Name The generate_smart_title(keywords) function applies simple semantic
Generation rules to assign a human-oriented name to a topic. For example, if
Rules 'president’ and 'office' are among the keywords, then the topic name =

'Presidential activities'.

Example of a topic structure

{ "topic_id": 7,
"keywords": ["child", "school", "education”, "student", "support"],
"title": "Education and Children"}

Tema 21: 0.016*"pumcbkuid” + 0.014*"xiv" + 0.813*"nana” + 0.010*"cBATHIA" + ©.010*"neB"” + 0.009*"Mec” + 0.807*"neTpo”

In software, logical inference is not implemented through traditional if-then, but through
statistical machine learning algorithms, in particular LDA thematic modelling. Inference is carried
out through probability distributions and the calculation of the similarity of topics.



Table 15

Logical inference mechanisms

Ne  Component Description

1 LDA model Construction of a statistical model that forms probabilistic distributions of

words in topics and topics in documents. Each text is presented as a vector
with the weights of belonging to each subject.

2 Algorithm for The new text is processed (lemmatisation, tokenisation), converted to the
classifying new BoW format, and passed to LDA, which returns the probability vector.

text

The highest probability determines the topic.

3  CoherenceMod Calculates the semantic consistency of topics using the c¢_v metric, which
el (coherence is based on the mutual appearance of terms in documents. It is used to

score)

evaluate the quality of the model.

Stages of logical inference in the system

The model is trained on the basis of the processed body of documents.

Each topic becomes a probabilistic distribution of words.

Each document receives a distribution of topics, such as:

Coherence determines how stable and consistent the topics are ( higher the better).

New text can be classified via lda_model.get_document_topics() - without the need

to retrain it.

Tema 2 — WmoBipHicTb: 49.62%
Tema 21 — iMoBipHicTb: 29.41%

Tema 19 — iimoBipHicTb: 15.42%
Tema 14 — limoBipHicTb: 3.90%

Figure 9: The result of logical inference

Thus, the system automatically concludes about the topic of the new document without manual
intervention. During the operation of the software, various data structures are formed and used.
They are necessary for storing the corpus of texts, a glossary of terms, the results of modelling
topics and the subsequent classification of new documents. The following are the key structures
that are stored or used in memory at runtime.

Table 16
Data structure

Ne  Structure Name Format/Type Appointment

1 processed_texts.p .pklfile (Pickle)  Saves preprocessed texts as lists of lemmas. Allows

kl

you not to repeat preprocessing when restarting.

2 dictionary

gensim.corpora. A unique glossary of terms generated from
Dictionary processed texts. Each word has a unique ID.

3 corpus

List of lists (Bag- Representing each document as a dictionary-based
of-Words) frequency vector of words. Required for LDA
training.




4  lda_model Gensim.models.. A model that contains topics, their distributions,
daModel object ~ probabilities, and parameters. Retains knowledge of
the model after training.

5 lda_model.print_t Method Returns a list of topics with their keywords and
opics() probabilities. It is used to interpret the results.

6 lda_model.get do  Method Returns a probabilistic distribution of topics for a
cument_topics() single document. It is used to classify new texts.

The software has a text-based interface in the form of an interactive Jupyter Notebook, which
provides a convenient user experience with the system. All the main functions are implemented
through clear code blocks with output and visualisation.

Table 17
Interface and functionality

Ne  Function Description

1 Output of topic For each generated topic, a list of keywords with the highest

keywords probabilities is displayed. It allows you to interpret the content of the
topic.
2 Automatic Implemented through the generate_smart_title(keywords) function,

naming of topics ~ which creates a conditional name of the topic based on keywords (for
example, "Presidential activity”, "Education and science").

3 Interactive Displays topics in the form of circles, shows the relationships between
Visualisation them and keywords. The user can click on the issues and view their
(pyLDAUVis) content.

4  Save models and The processed data (processed_texts), dictionary, corpus, and trained
data. model are stored in .pkl files, which avoids reprocessing and retraining.

5 Classification of The user can enter any new Ukrainian text, and the program will

new texts automatically determine which topic it most likely belongs to.
6  Inference of The system outputs an assessment of the quality of the model based on
coherence the c_v metric, which allows you to choose the optimal number of
topics.

7  Graph of quality A graph is created to analyse how coherence changes with a different
dependence on number of issues (e.g., 5-40). It helps to automatically select the best
the topics model.

The software's interface is built to be intuitive for both technical and non-technical users. It
allows you to both study the structure of topics in the corpus and analyse new documents in real
time. In the developed software, all modules function within a single data processing flow. Each
component does its part of the work and passes the results to the input of the next module. This
modular structure allows for consistent processing, resource overuse, and flexibility for
modifications.



CSV — Word Processing — Saving — Building a Corpus — LDA Model —
—> Topic generation — Coherence — Visualization — Analysis of new textsTable 18

Co-operation processes

Stage Process description  Participation in modules

1 Loading and pre- The user imports a .csv file — The data processing module cleans
processing of texts ~ and lemmatises the texts.

2 Saving an The processed texts are stored in processed_texts.pkl for reuse.
intermediate result

3 Creating a The data is passed to the dictionary and corpus via Gensim.
dictionary/corpus

4 Training the LDA The corpus and dictionary are passed to the Thematic Modelling
model Module, where a theme model is created.

5 Model Quality The model is passed to the Coherence Evaluation Module, where
Assessment the c_v is calculated.

6 Visualisation of The theme model goes to the Visualisation Module, where an
results interactive theme map (pyLDAvis) is built.

7 Generating Topic The keywords of each topic are analysed in the Interpretation
Names Module, which assigns a human name.

8 Classification of The user enters the text;it is processed, transmitted to lda_model
new text — model returns the belonging probability to the topics.

Table 19

System Requirements

Category

Requirement

Operating system

Windows 10 / 11, Linux, macOS

Python

Version 3.9 or higher

Required libraries

stanza, gensim, pyLDAvis, pandas, matplotlib, pickle, tqdm

Development environment

Recommended: Jupyter Notebook / Jupyter Lab

Internet connection

Only required to load the stanza language model

Install dependencies pip install stanza gensim pyLDAvis pandas matplotlib tqdm. A parser was
also developed specifically for this project, thanks to which it was possible to assemble my own
unique data set from articles from the President's Office, which helped to train the model well for
further use.



Table 20
Steps of use

Step Description

1 Running pre-processing: execute the pre-process(text) function, which will clean and
lemmatise texts

2 Creating a dictionary and corpus: use gensim.corpora.Dictionary and corpus =
[dictionary.doc2bow(text) for text in processed_texts]

3 Model Training: Building an LDA Model via LdaModel(...)

4 Model Estimation: Coherence Calculation via CoherenceModel

5 Topic Visualisation: Use pyLDAVis to create a theme map

6 Parsing new text: call Ida_model.get_document_topics() for a new document
Table 21

Description of the developed news parser from the website of the President of Ukraine

Characteristic

Description

Software Name

News parser from the website of the President of Ukraine

Appointment

Automatically collect news headlines and texts from the "Administration"
section.

Link to source

https://www.president.gov.ua/news/administration

Result of work

CSV file with news headlines and texts

Table 22

Technical implementation

Component

Description

Programming language Python 3.x

Library

selenium, bs4, csv, time

Runtime

On-premises environment (Windows with ChromeDriver installed)

Access method

Via Chrome Browser Control with Selenium

Table 23
Algorithm of work

Stage

Description



https://www.president.gov.ua/news/administration

1. Initialising the driver =~ Running the Chrome browser in headless mode with the specified
user-agent

2. Page loading Go to the news page with the ?page=n parameter

3. Collection of news Search for blocks .item_stat.cat_stat, from each, the first reference is
links taken

4. Header Extraction From the tag <h1 itemprop="name">

5. Text extraction From the <div itemprop="articleBody"> tag, all <p>

6. Verification Skip news without text, prevent duplication

7. Conservation Saving the result to a file president_news.csv

Table 24

Features of implementation

Peculiarity Explanation

Avoiding duplicates From each .item_stat.cat_stat block, only the first <a is taken>

Selective Content Collection  Text is taken only from articleBody, which excludes
footers/menus/meta.

Dynamic content expectation WebDriverWait is used to wait for the DOM to fully load

Work in headless mode Can be run in the background without displaying the browser
Flexible scaling Can be expanded to any number of pages (via the pages
parameter)

When creating a parser, there was a big problem - the site president.gov.uaStructure of the
output CSV file in Fig. 10. A big problem arose when creating the parser - the website
president.gov.ua uses protection against automated requests (bots).This protection includes
filtering requests from libraries like requests, even with fake headers (User-Agent). In particular,
when using standard parsing through requests and BeautifulSoup, the server returned a 403
Forbidden response code, which indicates that the request was blocked. To circumvent this
limitation, the project implemented automation of interaction with the site through the Google
Chrome web browser, using the Selenium WebDriver tool and the ChromeDriver driver. It allows
you to emulate the behaviour of a real user - open pages in the browser, load dynamic JavaScript
content, interact with DOM elements and wait for the page to be fully rendered. The parser works
in headless mode, that is, the browser does not open graphically, but all processes related to the
display and processing of the web page are performed as in a real browser. It allows you to
discreetly bypass anti-bot protection, while maintaining a high processing speed and minimal load
on the system. Also, to minimise detection by security mechanisms, custom headers of HTTP
requests were installed, including User-Agent, Accept-Language, Referer, and others, which
simulate a typical request from an ordinary browser user. In addition, the code implements waiting
(WebDriverWait) so that you do not try to extract information before the site fully loads the
content via JavaScript. Thanks to this solution, the developed software works stably with the


https://www.president.gov.ua/

official website of the President of Ukraine, bypassing server checks for the bot and ensuring the

correct extraction of news texts.
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DOKM AN OCSTHEHHS MUPY Ta MOXIVBI MaiAaHYMKV NS PO3MOBM 3 POCIAHaMK
MpeswaeHT Yipainu 3ycTpisca 3 KpoHnpuHuom Hopserii

Bonogvmup 3eneHcbkuii Nposis posmosy 3 AnekcaHapom CTy66om
Mpem'ep-mikicTp AscTpanii 06roBopunu JoaaTKoBUIA CaHKUiHWIA Tuck Ha Pocito
Bonogumup 3eneHcbkuii NpoBsis 3ycTpid i3 ket i BeHcom i Mapko PyGio

B aygjeHuito 3 MNpesuaeHTom i nepwiote neai Ykpaidu — nepluy Ans rmas gepxas
v i nepwa neai B3AM y4acTb B iHaBrypauinHin meci Mann Pumcbkoro INesa XIV
sopws i3 Mpe3naenTkoto LLBeiLapii HacTynHi gUNNoMaTUYHI KpoKKM 3apaan Mupy
)CTOPOHHS cnisnpaus: Bonognmup 3eneHcbkui Nposis 3ycTpid i3 Mapkom KapHi
MpesuaeHT Ykpainu npoBie 3ycTpid i3 MNpesuaeHTom HYopHoropii

leHecbkuii i [lik Cxoody 06roBOpMnM NPOAOBXEHHS BiicbKOBOT NiATPUMKN YKpaiHn
HCbKMiA 0Brosopms i3 MeTTe ®peaepikceH QunnoMaTUyHi 3ycunng sapagn Mupy
lix BigHocwH: MpesnaeHT YkpaiHu npoB.iB 3ycTpid i3 Mpem'ep-miHicTpom Bonrapii
naeHT Ykpainu syctpiscs 3 Mpem'ep-miHictpom Lseuii Ynodom KpictepccoHom
Bonogumup 3eneHcbkuii 3ycTpiBes 3 npeswaeHTamn €spopaaw Ta €BpoKoMicii
BOCTOPOHHIX BigHOocUH: Bonoaumup 3enencbkuii Nposis 3ycTpid i3 Maeto Cangy
IbLi NnpoBenu TenedoHHy posmosy 3 MpesuaeHTom CLUA [Jonanoaom Tpamnom
Hu, AKGK MNyTiH He 3nskaBcs npuixaty Ao TypeyunHn — Bonogummp 3enescobkiin
Bonogumup 3erneHcbknid NpoBis 3ycTpid i3 Pemkenom Tainom EpgoraHom
MpesngeHT Ykpaiiu nposis TenedoHHy po3mosy 3 MNpesugeHTom TypeydnHn

a Ykpaitu: MpesnaeHT BinsHa41e BOIHIB HAMBULLMMU AEPXaBHUMU HaropogamMu
Bonogumup 3eneHcbknii nposis po3mosy 3 Manoto Pumcbkum Jlesom XIV
weyumtim, Monbuyi, Benukoi Bpurarii Ta Yikpaitu 3a nincymkamu sycrpidi B Kuesi
10 €C: Bonogumup 3enexcbkuii nposis neperosopu 3 Emmanioenem MakpoHom
Ap 3eneHcbkuid i Kip CTapmep nigcymyBanu CbOrofHiLLHI 3ycTpidi 3 napTHepammn
SpuTaHii NpoBenu cninbHy NporynsHKy Kuesom nicns 3acigaHHs koaniuii oxo4mnx
nosHe 1 6e3yMoBHe NPUMUHEHHSA BOTHIO WoHakMeHwWwe Ha 30 aHis — MpesnaeHT
nogumnp 3eneHcekuii: Hawe cninbHe 3asaaHHA — sMycHTH Mocksy 3ynuMHUTICA
HHS 3ycTpid nigepis Ykpaidu, ®paruii, Bennkoi Bputaii, Hime44nHu Ta MonbLyi
oaiHK, nepla neqi Ta eBponeiiceKi Nigepy BliaHysanu nam'aTb 3arnbnux BoiHIB
MIMHEHHS BOTHIO, 60 TiNbKW TaK MOXe po3noyaTHes CNpaeXxHIA Mup — MpesuaeHT
3 Byge npuTArHyTa 4o BiANOBISANBLHOCTI 3a UK BiliHY — Bonoaumup 3eneHcoKuit
‘paiHK npoBiB TenedoHHy poamosy 3 MpesuaeHTom CLUA [oHansaom Tpamnom

Bonogumup 3eneHchknid NpoBie po3MoBy 3 $pigpixom Mepuom

Jei. 3a itoro cnoeamu, YkpaiHa rotosa [o YecHol gunnomartii i HeoBxigHo 3abesneunTw, W6 Pocis |
YKpaiHCBLKNIA 0BOPOHHO-NPOMUCIIOBHIA KOMNIEKS. Okpema yBara — NOCUINEHHIO KYNbTYPHUX 3B'A3KiB
Bi pesynbrarti, MatoTb ByTW wopcTki Hacnigku. CooroaHi B MNpesnaeHTa YkpaiHu Takox 3annaHosaHi |
y y4acTb ABcTpanii B koaniyjii oxo4ux i rapaHTyBaHHi Gesnekn ans YkpaiHu nicns oCArHeHHs crpas
apicnas MpesugeHTy Tpamny nucTa 3 HOBMMM NPOMO3MLIAIMM LLOAO cniBnpaj B 060poHHO-NPOMKCT
Jnomarati TM, XTo Lkoro noTpe6ye. MpesuaeHT i nepla nefi sanpocunm MoxTudika 3aiicHUT anc
1HOro KoHKnasy nicnA cmepTi Manu ®paHumcka. Pobept ®peHcic MNpesocT ctas 267-m Manoto Pumct
JKpeMy yBary npuginunu NnpofoBXeHHIo Jonomoru YkpaiHi, 3okpema giHaHcyBaHHIO y4acTi Wweedlaf
1 KapHi npuixatu go Ykpaiuu 3 BisntoMm. Mapk KapHi nigteepans 3anpoweHHs Masi aepxasn B3aTH
omy npoueci. Kpim Toro, npesnaeHTu yarogunu rpadik HainGnmkimnx 3axopis 3a y4acTio nigepis kpail
YkpaiHi. Jlinepu o6rosopunu notpebu Ykpaiiu, sokpema 3miuHeHHs MMNO Ta npami iHBecTuuii B ykpa
1HA Bif ronosysaHHA [laHil B Pagi €C, Ake po3anoyHeTbes 1 nunHs. YkpaiHa po3paxosye Ha nigTpumi
Ji s Bcboro YopHomopcbkoro perioHy. MpeanaeHT Ykpaidu Ta MNpem'ep-miHictp Bonrapii npuainumy
Pocito. Okpema yBara — cnisnpaui B Mexax Koaniuii oxo4mnx, HanpautoBaHHIo rapaHTiil 6e3nekn Ta ol
inKpWUTTA KNacTepiB HARGNKYUM HacoM, a TaKOX TOProBENbHO-EKOHOMIYHI BIGHOCHMHM MK YKpaTHOKC
e3M1e4nTL EKCNopT enekTpoeHeprii 4o MongoBw nij Yac onarnioBanbHOro Ce30Hy 3 ypaxyBaHHAM Has
40CTi 3aKiH41yBaTy BiliHy. Bonogumup 3eneHcbkuii 3aknukas 36inbwmTi TMck Ha Pocito Ta 3anposaawn
ligepis. Bonoavmup 3eneHcbknid 3a3Ha4mB, WO BIPOOOBX AHSA iHhopMyBaTuMe NapTHepIB Npo Te, U
leHcbkwii | Pemken Tain Epgorad o6roBopunu po3BMTOK IBOCTOPOHHBOIT chiBrnpaLi Mix Jepxasamu,
uboro. Bonogumup 3eneHcbkni | Pepxen Tain Epgorad 4OMOBMIUGA Npo nofanbLuy cninbHy pobo
pim Toro, [Masa fepxasu Bif3Ha4MB opaeHamu «3a MyxHicTb» Il cTyneHs Ta kusaruui Onbru [l cTyn
Benexcbkuit i Mana PumMcbkuia Jles XIV oMoBHIMCA NiATPUMYBATH KOHTaKT i cnnaHysaTti ocobucTty
JPOHHOI CTIKOCTI Ta iHBECTULT y BUpPOGHMLTBO 036poeHb Sk B YipaiHi, Tak i B eBponelicbkux kpaiHax
pyMKy dpaHLiT B yxBaneHHi Heo6xigHUx NoniTM4YHUX pilleHb Ha piBHI EBPOCOIO3Y Ta BiAKPUTTA NepLl
10BMM eNleMeHTOM rapaHTiit. Cepeq iHLMX BaXTMBKUX TEM 3yCTpidi — NojanbLue nocuneHHs 060poHH
Piltcbkoro cobopy. Becb 4ac nigepis cynposomkysana ekckypcoBof, SiKa po3noBsina npo MUHyne i ¢
) yacy Big4yTTs, WO BECh BiNbHUA CBIT 06'€AHaHNIA. | Le He NO3YHIW, @ PiLUeHHA, AKI MW yXBanumny, -
KUMK Ta YiTKUMK. Be3yMoBHE NPUNMHEHHS BOTHIO O3Hayvae 6esymosHe. | Hivoro Ginble», — nigcymys
TUCKY Ha Pocito, rapaHTil Geanexn Ta BaxkIMBICTk KOOpAMHALLT BCIX 3yCUIb | CRIMBbHUX KPOKIB 3i Cnon)
“b 3arnbnux BOIHIB XBUIMHOK MOBYaHHS. €Bponeiickbki Nigepn npubynu coorogHi Ao Knesa ans yyac
Haje PyBen Bpekenbmatc. MpesugeHT noaskysas 3a y4acTs YkpaiHu y JEF Ta MoxuMsicTb noeaHar
'PH NpaBocyAas Ta sigaHayus sycunna Paau €sponu i HigepnaHgie, a came aaru 3a roToBHICTL CT
1arati. BiH TakoX Haronocus Ha TOMY, WO NIATPUMYE NPUMUHEHHA BOTHIO. Jlinepy Ykpainu Ta CLUA

'iB Ha HaWBnWk4MiA Yac. MMaBa gepkaBn NoaAKyBas HiMe44uHi 3a nigTPMMKY B 3aXUCTi KUTTIB yKpait

Figure 10: Structure of the output CSV file

Software for thematic modelling of Ukrainian-language texts based on the Latent Dirichlet
Allocation (LDA) algorithm has been developed. The developed system allows you to automatically
identify meaningful topics in a collection of texts, interpret them through keywords, and also
classify new documents according to the built model. A feature of the implementation is the use of
the Stanza library for the lemmatisation of Ukrainian texts, which provides deep linguistic data
processing. The program covers the entire cycle of thematic modelling: from collecting and pre-
processing texts to building an LDA model, assessing its quality using coherence metrics, and
visualising the resulting topics. In the process of implementation, mechanisms for automatic
generation of conventional names of topics were also implemented, which significantly facilitates
the perception of the results of the analysis. The functionality of the program includes the ability to
save processed texts, reuse models, view an interactive topic map, and classify new texts in real
time. It has been proven that the model is capable of detecting thematic clusters with high
coherence, which indicates its efficiency and accuracy. Thus, the goals of the work have been
achieved. The developed software is a universal tool for text data analytics. It can be used to solve
practical problems in the fields of journalism, public administration, education, and social
sentiment research.



6. Results

Now, in the modern information space, it is essential to be able to quickly analyse large amounts of
text data and isolate the main topics and content areas from it. One of the key approaches to
solving this problem is thematic modelling of texts, which allows you to automatically detect the
hidden structure of information in a large corpus of documents without manual mark-up. This
approach is based on the use of machine learning algorithms, in particular, Latent Dirichlet
Allocation (LDA), which allows you to break down texts into topics based on statistical patterns in
word distribution. Within the framework of the previous work, full-fledged software for thematic
modelling of Ukrainian-language texts was implemented. The implementation included the stages
of pre-processing of texts, lemmatization using the stanza library, construction of a dictionary of
terms, creation of a corpus in the Bag-of-Words format, training of the LDA model, output of topic
keywords, evaluation of the quality of the model by the coherence metric (cv), generation of
conditional names of topics and classification of new texts. The study is devoted to checking the
operability of the developed software tool by running a control case. Such an example allows you
to make sure that all modules of the system function in a coordinated manner, the results of the
simulation correspond to the content of the text, and the system correctly classifies new documents
according to the topics that were discovered during the training. The analysis of the control
example allows you to confirm that the results obtained are logical, meaningfully relevant, and
correspond to the task. Thus, the purpose of this work is to launch and analyse a control case
demonstrating the full cycle of the software - from loading a new text to determining its topic, with
the output of topic keywords, probabilistic distribution and interpretation of results.

The purpose of the control example is to check the operability of the software for thematic
modelling of texts. For this purpose, a test task is formed, which should reflect the key functionality
of the system for determining the subject matter of the Ukrainian-language text on the basis of the
already trained LDA model. The user enters a new Ukrainian-language text that was not included
in the educational building, and the system should:

Carry out full pre-processing of the text (cleaning, tokenisation, lemmatisation).
Convert text to a numeric format according to the already built dictionary.
Transmit text to the trained LDA model.

Obtain a probabilistic distribution of topics identified in the previous analysis.
Identify the topic with the highest probability.

Output keywords and the automatically generated name of this topic.

S v

To train the thematic model and further test the software, a corpus of Ukrainian texts, collected
from open sources, in particular, from the official website of the President of Ukraine, was used.
The data is from news, public speeches, event reports, international meetings, decrees, and other
documents covering socio-political topics. At the initial implementation stage, the first dataset of
approximately 300 documents was created. This set made it possible to check the correctness of the
main modules of the system — word processing, dictionary construction, creation of a corpus in the
Bag-of-Words format, model training, knowledge base construction and primary classification.
However, in the analysis process, it was found that the model trained on this set showed
insufficient topic resolution, and the coherence (topic quality metric) was below the desired level.
The topics were often mixed, vaguely defined, or too general. In order to improve the quality of the
model and expand the thematic coverage, a new, significantly larger corpus was created. The
second dataset, which was formed as a result, consisted of more than 830 documents, which made
it possible to provide better statistical representativeness of words and contexts. The new set of
texts covered a wide range of topics: international politics, internal governance, educational issues,
commemoration of historical memory, humanitarian initiatives, etc. The extended corpus was used
for the final training of the LDA model, the classification of texts and the execution of a control
example within this work.
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320 |

B Odici MNpesngeHTa B, 3ycCTpiM i3 Bropo Haui Beanekn Monbuui

321 Sypry B TeMaru4HUX MiKHapOZHWX 3axofax Ana peanisayii nyHKTis ®opmynu Mupy — Irop XKosksa

1 Ta Oapiyw JIyKOBCbKWIA NPUAINUAN NUTaHHAM CriBNpaui ABOX KpaiH Ha WNAXy YKpaiHW 4O YfieHcTsa B |
1y NigTPUMKY YKpaiHi Ta HaaHy NpakTUyHy JONOMOTY 3 NIOYaTKy MOBHOMACILITAGHOTO POCIFICEKOTO BTOPIH

<oMmiTeT Ta

322 Y KueBi Biokprnu BUCTaBKY, NPUCBAYEHY y4acTi yKpalHCbKMX CrIOPTCMEHIB B Onil irpax
323 ATOpIl TMMYACOBO OKYNOBaHOro NiBOCTPOBa KpuM — pilleHHst EBPONercLKOro cyay 3 npas NoAuHU
324

325

nigrotoska go camity HATO: Augpii Epmak nposis TenedoHHy poamosy 3 [xeiikom CannisaHom

blua nposenyt i Vi payHa

AHgpiit Epmak 06rosopuB i3 pagHukom Mpem’ep-MiHicTpa Kanaagm peaniszauito ®opmynu mupy

wogo y P yroau
326

327 iiHa Ta IpnaHgis o6rosopunu nigcymku Camity Mupy Ta MainbyTHIO 4BOCTOPOHHIO Geanekosy yroay
328 ‘VI mo6anLHOro camiTy MUpY 3 PaaHNKOM i3 NMTaHb HauioHanbHoT Geaneku Mpem’ep-MiHicTpa IHAiTl
329 | YkpaiHa Ta €C 3aBepwnin po6oTy Haj TEKCTOM Be3neKoBIX rapaHTii
330 osopwB i3 paaHukoM Mpeauaerta MAP nigcyMkn Camity MApY Ta PO3BUTOK NOAAbLUNX KOHTaKTIB
331 B Odpici MNp of pi pedop

332 j0oBepHynacs Ha Nepiwi LUNankT1 BCix BUAaHb CBITY — AHApiii Epmak npo pesyneratn Camity Mupy

0OCBITU

np:

333 Hu PO B YkpaiHi — Ha CaMiTi mupy BigGynaca okpema ANCKyCisi WOAO ryMaHiTapHOro BUMIPY BiliHWM
334 30aHi MobGansHoro camiTy Mupy BiaGynacs cepin 3axodis y Mexax iHiuiatuem Bring Kids Back UA

335 1Ha Myapa nig yac cnyxaHb €CMJ wopno nopyweHs PO npas NioanHN Ha OKynoBaHUX TepUTOpIAX

336 Anppiit Epmak 3a gopy4eHHam MNpeanaeHTa Ykpaitn Biagsiaas ITaniio Ta BatukaH
337 YkpaiHa Ta EC npoBesnn Yeprosuii payHz neperosopie WoAo Gesnekosoi yrogu
338 B Odici MpesunaeHTa Bigbynacs Mixsifgom4a Hapaga oo patudikauii PUMCbKOro cratyTy

339 10BiAHNX CBITOBUX YHIBEPCUTETIB Ta OCBITHIX OpPraHisaLliii NpocyBaHHA YKPaiHCLKOT (hopMynu MUpY
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Figure 11: First dataset
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HacHa TexHika Ta B4acHa gonomora naptHepis — MpeanaeHT B iHTeps'to Reuters

Hopserii Ta IcnaHpil 3a nigTBepHkeHH:A y4acTi B CamiTi Ta roTOBHICTL akTMBHO NpaLoBaTk Hajl iMnneMeHTau
3nekoBi yroan. Ha wnaxy Ao ix peanisauii Hac HaaNXatoTe HANOMETNMBICTL | AYX YKPAIHCLKOro HAPORY, CoNa:

0, laHieto, KaHapoto, ITanieto, HinepnaHpamn, ®iHnsHgieto, Natsieto, Icnatieto, Benebrieto, MopTyranieto, LUst

pesaxHy cuny. 3a YkpaiHy: B 3

I i, Ty T 3a KoponiscTao Hopgerisi: MoHac ap Crej
0, Aaieto, Kanagoto, ITanieto, Hipepnangamn, ®innaxgieto, Narsieto, Icnanieto, Benbrieto, MopTyranieto, Wet

a, )

viaTume nepesaxHy cuny. 3a YkparHy: B 3 T 3a Icnanpito: B'spHi BeHenjkTcct
10, ®paHuieto, fanicio, KaHagoo, ITanieto, Higepnanaamu, ®iHnaxpieto, NaTeieto, IcnaHieto, Benbrieto, Mopty
CT MaTuMe nepesaxHy cuny. 3a YkpaiHy: Bonoanmup 3eneHcbkuid, MpeanaeHT 3a Lsewito: Ynbg Kpictepccot

oy3a npuainunm inTerpayii Ykpainm o €C i HATO. MpeanaeHT Ykpaisy Nogskysas 3a NiATPUMKY HALWOK Kpail

y TakoX Haragas npo y4acTe MopTyranii B apTinepiicekifi koaniuii. Kpim Toro, kpaita nnaye Gpatk yyactb y
) Bpuranieto, HimewsmHoto, @paHuieto, AaHieto, KaHafoto, ITanieto, HinepnaHaamu, ®innsHaieto, Narsieto, lcr
MaTume nepesaxHy cuny. 3a YipaiHy: Bonogumup 3eneHcobkui, Mpeaugent 3a Moptyraniio:Nyiw MoHTeHer
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THUMW NPOEKTaMU. Lie Bxke CbOMWIA Bi3UT AHHaneHu BepBok Ao YkpaiHu 3 no4aTky noBHoMacTabHoro pociv

1epeTnHaTh KopaoH. A Wob npotncToATK Pocii B HeGI, YipaiHi, 3a cnosamu Masw gepkasin, NoTRIGHO WoHai

Figure 12: Second dataset



Each text in the dataset is saved in .csv format, in the text column. Additional metadata, such as
headers or dates, is not used in the model. Thus, all texts underwent the same processing cycle,
which ensured the purity of the experiment and the ability to compare the results. The use of two
different corpora in the development process made it possible to assess the impact of sample size
on the quality of thematic modelling. It also highlights the flexibility and scalability of the software
created, which can work efficiently with enclosures of different sizes.

To check the functionality of the developed software, a separate fragment of Ukrainian text was
selected, which was not included in the educational building. This approach allows you to
objectively assess the ability of the model to generalise - that is, the ability to apply the formed
topics to new, previously unknown texts. A control example simulates a real situation when the
user submits an arbitrary text for input and expects the system to correctly recognise its content.
The selected fragment refers to the commemoration of the victims of political repression and is a
typical example of official political communication. It has a clear thematic focus and contains
specific vocabulary that allows you to test the model's ability to identify keywords and classify the
document towards the relevant topic. The text was taken from an open source and was not
included in the training dataset in advance, which guarantees the fairness of the test.

After the inaugural mass, Pope Leo XIV held an audience with President of Ukraine
Volodymyr Zelenskyy and First Lady Olena Zelenska, who became the first for heads of
state. The President congratulated Pope Leo XIV on the beginning of his pontificate and
noted that he is a hope for millions of people who want peace.

i

new_text = """

MicnA saBepweHHA  iHaerypauiiHoi mecu Mana-Pumcekuit- les  XIV: nposis- ayaieHuin - is: MpesunaenTom: Ykpainu- Bonop|

result = classify new_text(new_text, lda_model, dictionary)

for topic_num, prob in result:
print(f"Tema {topic_num + 1} - imoBipHicTe: {prob:.2%}"

Figure 13: Text for the test

This example was specifically selected as a control example, since its theme potentially
correlates with one or more topics formed by the LDA model (in particular, with issues related to
historical memory, political repression or state policy in the field of culture). The following sections
will provide a step-by-step analysis of the processing of this fragment, the results of classification,
and an assessment of how the model has determined its topic correctly. A control fragment of the
text was submitted for input to the software to check the full cycle of its processing and
classification. After loading the text, the system automatically carried out all the stages of analysis
in accordance with the logic embedded in the architecture of the software tool. In the first step, text
pre-processing is performed, which includes lowercase, tokenisation, filtering of service words, and
lemmatisation using the Stanza library. It allows you to bring the text to a unified form, where each
word is represented in its basic grammatical form. For example, the phrase "honoured the memory
of the dead" after lemmatisation turns into a sequence of lemmas "honour", "memory", "deceased".
Next, the cleaned text is transformed into a numeric format using a pre-saved dictionary. To do
this, each lemma is replaced with a corresponding numerical identifier, and the frequency of its
appearance in the text is recorded in the Bag-of-Words format. This format allows you to present



text as a vector that the model can interpret as input for thematic analysis. The third step is to
transfer the processed text to the trained LDA model, which conducts the classification. The model
returns the probability distribution of topics formed in the process of previous training. As a result,
a list of topics with corresponding probability values is obtained. The topic is most likely to be
interpreted as the main one to which the input text belongs. At the final stage, the system displays
the topic ID, a list of its keywords, and the generated conditional name formed on the basis of the
detected topic semantics. It allows the user not only to see the numerical results of the
classification, but also to interpret them understandably. Thus, the submitted text goes through a
complete cycle of processing: from natural language to a formalised topic with interpretation. It
confirms the ability of the software to correctly identify the subject of a new document based on an
already trained model.

In the process of developing software for thematic modelling of texts, there was a need to
optimise the performance of the pre-processing subsystem. One of the key elements at this stage is
the filtering of stop words - that is, those tokens that do not carry a semantic load, but significantly
increase the amount of processing during lemmatisation and vocabulary construction. Initially, we
used a complete list of Ukrainian stop words, containing more than 300 elements. However, when
tested on a full case with more than 800 documents, the processing time exceeded 150 minutes,
which is completely inefficient for practical use. In view of this, its own optimised list has been
created, which includes only the most used service words - about 50. It made it possible to reduce
the processing time to 51 minutes without significantly losing the quality of the topics.
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Figure 14: Graph of the influence of the size of the list of stop words on the time of processing
texts, where green is a smaller list of stop words, and red is the complete list of stop words

This graph shows how the size of the stop word list affects the processing time of texts during
thematic modelling. As you can see, when using a smaller custom list, the processing of the entire
case took 51 minutes, while when using the complete list of stop words, it took more than 150
minutes. It is because a higher number of stop words significantly increases the filtering and
processing time of each token in the text, especially when processing involves lemmatisation. In
this regard, in order to maintain the effectiveness of software execution, it was decided to use a
limited but relevant list of the most frequent service words. It made it possible to significantly
reduce the processing time without a critical loss of simulation quality. This analysis confirms that
thoughtful optimisation during the pre-processing phase has a significant impact on the overall
performance and efficiency of the system.

For the convenience of the user and control over the execution of the software, the output of the
progress of word processing in real time was implemented. It became essential after expanding the
corpus of texts to more than 800 documents, as the pre-processing time (lemmatisation, filtering,
and tokenisation) increased to tens of minutes. To avoid a situation where the user does not
understand whether the program is "frozen" or really working, a progress bar was added using the
tqdm library, which displays a dynamic scale with the number of documents already processed. It
allows you to visually observe the progress of processing, estimate the pace of execution and
navigate the remaining time until completion. In this way, the output of execution progress has



increased the clarity, predictability, and usability of the system, which is an integral part of front-
end interaction even in console applications.

o%| | ©/830 [@0:08<2, ?it/s]
o%| | 1/83@ [@8:01<17:57, 1.3@s/it]
o%| | 2/830 [00:02<20:30, 1.49s/it]

A | 3/830 [00:04¢23:13, 1.68s/it]

o%| | 4/830 [00:067<30:30, 2.22s/it]

1%1 | 5/838 [@9:18<33:58, 2.47s/it]
1%1 | 6/830 [00:13<34:04, 2.48s/it]

1%1 | 7/830 [@0:15¢31:13, 2.28s/it]

100% | I | =29/830 [ <00:03, 3.09s/it]

| 830/83@ [51:03<00:00, 3.69s/it]

Figure 15: Output of the Word Processing Process

To optimise performance and avoid re-wasting time on text processing, a mechanism for saving
already processed data has been implemented. It allows the software to run much faster when
reused, especially in the context of experiments, testing models, or changing classification
parameters. After the pre-processing step is completed, all cleaned and lemmatised texts are
automatically saved as a serialised object in .pkl (pickle) format. In particular, the
processed_texts.pkl file stores a list of tokenised texts that have already passed all stages of pre-
processing: lowering, removing stop words, lemmatisation, etc. In the future, when the system
starts, the program first checks whether the file with the processed data exists. If the file is found,
the data is loaded from the disk, and there is no need to process more than 800 documents again,
which can take up to an hour. This approach provides significant resource savings and improves
user experience, especially in environments with limited execution time, such as during
demonstrations, training, or research.

with open("processed_texts.pkl"”, "wb") as f:
pickle.dump(processed_texts, f)

with open(“processed texts.pkl”, “"rb") as f:
processed_texts = pickle.load(f)

Figure 16: Save processed text.

In the process of developing a system of thematic modelling of texts, it was decided to use
machine learning not only to build the model itself, but also to optimally select the number of
topics. It is critically important because too few topics can lead to generalisation and loss of
content, and too large a number of issues can lead to excessive division of texts, which reduces the
quality of classification.



def compute_coherence_values(dictionary, corpus, texts, start, limit, step):

coherence_scores = []
models = []
for num_topics in range(start, limit + 1, step):
model = LdaModel(
corpus=corpus,
id2word=dictionary,
num_topics=num_topics,
random_state=42,
passes=18,
alpha="auto’
)
coherence_model = CoherenceModel(
model=model,
texts=texts,
dictionary=dictionary,
coherence="c_v'
)
score = coherence_model.get_coherence()
coherence_scores.append(score)
models .append(model)
print(f"num_topics={num_topics} » korepeHTHicTe={score:.4f}")
return models, coherence_scores

winsound.Beep (1000, 1000)

start = 12
limit = 40
step = 1

Figure 17: Selection of the best hyperparameters

For each of the models, a coherence metric (in particular, c_v) was calculated, which shows how
logically the topics are related in terms of the semantic proximity of words num_topics. The model
analysed the quality of the issues constructed, and among all the options, the number of topics that
provided the highest coherence was chosen. Thus, the decision was not made manually, but on the
basis of an objective indicator of the quality of the model, calculated during the training. Thanks to
this approach, it was possible to achieve a more stable, interpreted, and high-quality thematic
model that confirms the effectiveness of the use of machine learning methods in the tasks of
thematic analysis of texts. In order to determine the optimal number of topics for building a
thematic model, a series of experiments was conducted using machine learning and coherence
metrics (in particular, ¢_v). In the course of these experiments, 29 LDA models were built with a
different number of topics from 12 to 40. Based on each of the models, the coherence of the
indicator was calculated, reflecting how logically the words in the topic are related to each other
from the point of view of real language usage. The visualisation of the results was presented in the
form of a line graph, where the number of topics is displayed along the X axis, and the coherence
values are displayed along the Y axis. The graph clearly shows the fluctuations in the quality of the
models. The highest coherence values were achieved for the following configurations

. num_topics=12 — coherence = 0.5135
. num_topics=22 — coherence = 0.5167
. num_topics=27 — coherence = 0.5102
. num_topics=28 — coherence = 0.5025
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Figure 18: Analysis of hyperparameters — selection of the optimal number of topics

It indicates that these configurations describe the topics in the corpus in the most balanced way,
providing high semantic coherence of topic keywords. As can be seen from the graph, too many
issues lead to a decrease in coherence, since the model "blurs" the context between too many
problems. Based on this analysis, the optimal number of topics was selected - 22, which provides
the highest coherence within the framework of the experiment. Thus, the process of choosing the
number of issues was not implemented manually, but based on a quality metric that follows the
principles of reasonable customisation of machine learning models.

lda_model = LdaModel(
corpus=corpus,
id2word=dictionary,
num_topics=22,
random_state=42,
passes=10,
alpha="auto’

winsound.Beep(1000, 1000)

Figure 19: LDA model

This code fragment is implemented at the training stage of the LDA model, which is the basis
for the thematic modelling of texts. Its goal is to create a machine model that will be able to detect
hidden topics in Ukrainian-language texts based on the joint appearance of words in documents.
The parameter num_topics=22 is because I previously conducted an automated coherence analysis
and determined that 22 topics provided the highest quality of issues (coherence ~ 0.5167). Thanks
to the passes parameter=10 model, which passes through the entire body 10 times, you can achieve
greater stability in the topics. Setting alpha='auto' allows the model to independently adapt the
distribution of topics in documents, which is especially useful when working with imperfectly
balanced data. Beep(1000, 1000), which is triggered after the completion of the training. It is done
for the convenience of observation, since training can take tens of minutes, and the beep helps not
to constantly monitor the laptop. This stage is key, because it is here that the model is formed,
which will later be:

e  classify new texts by topic;



e allow you to visualise the connections between words;

e  serve as the basis for the interpretation and generation of topic names.

After completing the training of the Thematic Modelling Model (LDA) based on Ukrainian-
language news texts, the system formed 22 topics. Each of the issues is represented by a set of the
most relevant words that have appropriate weights reflecting their significance for a particular
topic. These keywords are the result of a probabilistic distribution of words in the corpus and allow
you to gain a deeper understanding of the content of each topic. One example is the theme
dominated by the words "Ukraine", "President”, "Volodymyr", "Zelensky", "support” - indicates
political content, in particular related to leadership and international activities. Another topic may
include words like "generation", "youth", "culture”, which indicate a completely different semantic
emphasis. The results obtained make it possible to automatically interpret topics, analyse
information flows and structure large volumes of texts. Thematic word distributions are further
used to generate topic names, which makes the models more understandable for the user. It also
opens up the possibility of classifying new texts: the system can determine which topic the newly
received text belongs to, with the corresponding probability. Thus, this stage is critically important
in the entire chain of operation of the software tool, because it is on its basis that a knowledge base
is formed, which provides all the further functionality of analysis, interpretation and visualisation
of text data.

21: 0.016*"pumMcbkuit” + 0.014*"xiv" + 0.013*"nana” + 0.010*"cBATWIi” + 0.010*"nes” + 0.809*"Mec” + 0.007*"neTpo”
13: 0.056*"inaia" + 0.014*"inpiiicbkui” + 0.014*"minicTp” + 0.013*"Mix" + 8.013*"ykpaina" + 0.013*"mopa” + 0.810*“kynbTypa”
3: 8.012*"komicap” + 0.010*"ooH" + ©.009*"rpangi” + 0.009*"(¢ininno” + 0.009*"BepxoBHuIi" + 0.006*"6ikeHeub” + 0.005*"yKpaiHeub"
18: 0.015*"(¢innAHain" + 0.010*"obce™ + 0.006*"cnoBalbkuit™ + 0.005*"anekcangp” + 0.005*"ana" + 0.005*"Muxan” + 0.005*"BanToHeH"
16: 0.030*"paTyBanbHuii" + 0.027*"HayanbhHuk" + 0.027*"gepxaBHuil” + 0.022*"noxexHiit" + 0.021*"yacTuHa" + 0.019*"pATyBanbHUK" + 0.019*%"AcHC"
6: 0.012*"cBiii" + 0.011*"Hapop" + ©.011*"KpumcbKoTaTapcbkuid™ + ©.009*"reHouup” + 0.008*"ykpaina" + 0.008*"rpysia” + @.008*"sonogumup”
15: 0.019*"ykpaina" + 0.018*"komnania" + 0.014*"nmpesngent” + 0.011*"Bonoaumup” + 0.011*"3eneHcbkuit” + 0.010*"Takox” + 0.009*"minicTp"
19: 0.015*"ykpaina" + 0.013*"3eneHcbkuit” + 0.013*"6yTu" + 0.011*"Bonogummp™ + 8.011*"npesuzeHt” + 0.010*"ykpaiHcbkuii® + 0.010*"oneHa"
4: 9.017*"nip" + 0.012*"okynaHT" + 0.012*"sHuumTu" + 0.011*"yac™ + 0.011*"pik" + 0.0@9*"ykpaiHa" + @.009*"nosuuia™
14: 0.015*"ykpaina" + 0.012*"yexia" + 0.012*"ana" + 0.009*"6yTn" + 0.008*"BeTepan” + 0.008*"Takox" + 0.007*"Bonoaumup”
17: 0.025*"ykpaina" + 0.018*"npesupent” + 0.014*"zepxaBa” + 0.013*"seneHcokuit” + 0.013*"Bonogumup™ + 0.011*"ykpaincbkui” + @.010*"npo”
10: 0.044*"ykpaina" + 0.013*"niaTpumka” + 0.012*"yroga" + 0.012*"cepa” + 0.011*"cTopoHa" + 0.011*"Gesneka" + 0.010*"gna"
1: 0.014*"ykpaina" + 0.011*"nip" + 0.011*"okynaHT" + @.011*"pociiicbkuit” + ©.009*"6puraga” + 0.009*"Boin" + 0.009*"npesngeHt”
22: 0.022*"ykpaiHa" + 0.018*"3eneHcbkuit” + @.018*"Bonogumup”™ + 0.016*"npesngent” + 0.013*"gepxasa” + 0.012*"Haw" + 0.008*"rnasa”

: 0.030*"ykpaina" + 0.025*"npesugent” + 0.917*"sonogumup” + ©.016*"seneHcokuit” + 0.015*"6besneka” + 0.014*"byTu" + 0.013*"gna"

: 9.030*"ykpaiHa" + 0.015*"npesugeHT” + 0.013*"seneHcekuit” + 0.013*"Bonogumup” + 0.011*"ykpaiHcekui” + 0.011%*"uei" + 0.010*"Haw"

1 0.022*"ykpaiHa" + 0.015*"ana" + 0.014*"6yTn" + 0.010*"gepxaBa” + 0.010*"npesupeHt” + 0.009*"uei" + 0.009*"Takox"

1 0.021*"ykpaiva" + ©.017*"6yTn" + 0.012*"npesugeHT” + 0.012*"Bonogumup” + 0.012*"ana" + 0.012*"seneHcekuit” + 0.911*"mup"

1 B.032*"ykpaina" + 0.022*"npesugeHt” + 0.817*"Bonogumup” + 0.017*"seneHcobkuit” + 0.015*"pepxaBa” + 0.013*"mpo" + 0.011*"pgns"

: 0.040*"ykpaiHa" + 0.021*"npesupeHt” + 0.020*"seneHcbkuit” + 0.020*"Bonogumup” + 0.017*"nipTpumka” + 0.016*"gepxaBa” + 0.012*"Takox"

Figure 20: Learning outcome

The image shows an interactive visualisation of the results of thematic modelling created using
the pyLDAuvis library. This approach allows you to intuitively understand the structure of the
constructed LDA model and assess how clearly the topics are delineated and which words are the
most characteristic for each of them. The visualisation consists of two parts: the left pane shows a
map of topics, and the right pane shows a list of the most relevant terms for the selected topic. On
the left side of the visualisation, the so-called "Intertopic Distance Map" is displayed, which
demonstrates how topics are arranged in vector space. Each circle represents a different topic, and
its size reflects the proportion of documents related to that topic. The distance between the circles
indicates the similarity of the topics: the closer the circles, the more similar the topics in content,
and if the circles do not intersect, this shows a clear separation of topics. For example, the largest
circle on the graph is topic 1, which occupies the largest share in the corpus of texts. The right
pane lists the 30 most important terms for the selected topic. Light blue bars indicate the total
frequency of use of a word in all texts, while red bars indicate the frequency of this word in the
selected topic. It allows you to see which words are really relevant to a particular topic and not just
frequently used in the corpus. In our case, topic one is characterised by the phrase "Ukraine",
"president", "Zelensky", "Volodymyr", "support”, "state", etc., which indicates political topics related
to state power and the country's leadership. This type of visualisation is beneficial for analysing the



quality of the model, interpreting the content of topics, and later use in the user interface or
reports. It allows not only an analyst, but also an ordinary user without deep knowledge of

machine learning to quickly understand what each topic is about and how well the model divided
the topics of the documents.
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Figure 21: Interactive visualisation of topics
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Figure 22: Distribution of topics
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1. saliency(term w) = frequency(w) * [sum_t p(t | w) * log(p(t | w)/p(t))] for topics t; see Chuang et. al (2012)
2. relevance(term w | topic ) =A* p(w [ f) + (1 - A) * p(w | )/p(w); see Sievert & Shirley (2014)
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In the course of the implementation of the software for thematic modelling, all documents from
the corpus of texts were divided into topics that the trained LDA model defined. It made it possible
to see which topics are the most common among the analysed texts, as well as to identify less
covered or even highly specialised areas. The image shows the final statistics: each topic
corresponds to a certain number of documents. For example, the most significant number of texts,
208, fell into topic 11. It means that this topic is the most representative of the corpus, and its
content has the most significant information load. Topics 2 (107 papers), 12 (76 papers) and 20 (68
papers) also have a considerable number, suggesting that the texts are mostly centred around a few
leading topics. At the same time, some topics cover only 1-3 documents (for example, topics 21, 4,
3, 10, 16). It may be due to the fact that some texts cover particular events or topics that do not
have a broad representation in the general corpus. Such a distribution is proper both for assessing
the balance of a data set and for further use in analysis, for example, to identify thematic priorities
in news content, to identify topics that require additional attention, or to divide texts into thematic
clusters. It also allows you to form an idea of the temperature coverage, which can be used for
decision-making in a journalistic, informational or analytical context. After the LDA model formed
topics in the form of a set of keywords, there was a need to make them more understandable to a
person. After all, a set of words is just a machine representation, from which it is difficult to
quickly understand what precisely the topic is about. Therefore, a special module was implemented
that automatically generates topic names based on the keywords that characterise them. For
example, if among the keywords of the topic there are often "president”, "office", "Vladimir", then
such a topic can be called "Presidential activity". If the words refer to such concepts as "child",
"protection”, "rights", the topic is called "Protection of children's rights", etc. Thus, we do not just
leave issues in the form of machine combinations of words, but transform them into human-
readable titles. It greatly facilitates the perception of modelling results and makes them suitable for
practical application both in reports and in interactive text analysis. The user can now easily
navigate which topic means which without having to analyse a technical set of words. It is an
essential step in "interpreting” the model and bringing the results of machine learning closer to real
use.

: Mig i okynaHT y KoHTeKcTi sHMWMTM » nia, okynaHT, 3HUWMTU, YKpaina, pociiicekuil, pik
: YkpaiHa i npesuaeHT y KkoHTekcTi Bonoaumump » ykpaiHa, NpesuaeHT, BONOAWUMUP, 3ENeHCbKWii, AepxaBa, Mpo
: Yac i ykpaiHcbkuid y koHTekcTi ¢iunatpik » uyac, ykpaiHcekuid, ¢iunaTpik, iHcTpykTop, 6pasH, nip
: Mig i yac y koHTekcTi 6puraga » nip, vac, 6purapa, ykpaina, pociiicekuit, rpyna
: Ykpaina i HopBeria y koHTekcTi 3eneHcbkuit » ykpaiHa, HopBeria, 3eneHCbKWiA, BOMOAUMUP, MENOH, NPEe3UAEHT
: llkona i mpesupeHT y KoHTeKcTi ykpaiHa » wKkona, npesufeHT, ykpaiHa, AWUTWHa, WTaT, BONOAUMMUp
: YkpaiHa i npesuaeHT y KkoHTekcTi Bonoaumup » ykpaiHa, NpesuaeHT, BONOAWUMUP, 3ENEHCbKWii, yKpaiHcbkWii, Leil
: Ykpaina i cTyniHb y KOHTeKcTi opaeH » yKkpaiHa, cTyniHb, opAeH, 6yTu, npesmpeHT, iii
: Ykpaina i ana y koHTekcTi 6yTu » ykpaina, gna, OyTu, MpesuAeHT, AepxaBa, SeNEHCbKWA
: YkpaiHa i cTopoHa y KOHTeKkcTi nuTBa P ykpalHa, CTOpoHa, /AMTBa, criony4veHui, chepa, uei
: YkpaiHa 1 npesupeHT y KOHTEKCT1 seneHcbkuii P yKpaiHa, MpeswfeHT, 3eNeHCbKuii, Bo/MOAMMMp, MiATpuMKa, Aepxasa
: Ykpaina i 6yTu y KOHTeKcTi npesugeHT » ykpaiHa, OyTu, NpesuaeHT, BOJOAUMMD, 3E€/E€HCLKUA, MUP
: HigepnaHa i kacnap y koHTekcTi kyHiHop » HigepnaHa, kacnap, KyHiHop, sAnoHia, mauyga, sengkamn
: MognHa 1 ypap y koHTekcTi ykpaina » nwavHa, yaap, ykpaina, HauvanbHuk, 6GyTu, Bonogumup
: Bytu i BupobHMuTBO y KOHTekcTi ykpaiHa » 6yTu, BUpobHMUTBO, ykpaiHa, OBOpOHHWA, KOMMaHifA, Npes3uaeHT
: [lepxaBHui 1 pATYyBaNbHUA Y KOHTEKCTL HayanbHUK P> AepXaBHWA, PATYBaNlbHWHA, Ha4albHUK, MOXEXHiW, 4yacTuHa, obnacTb
: YkpaiHa i npesupeHT y KOHTeKCTi Bonogumup P ykpaiHa, MpesuieHT, BOMOAMMUP, 3eNeHCbKWid, HiMewuwHa, Aepxasa
: Obce i gna y koHTekcTi cnoBaubkuii » obce, ans, cnosBaubkuid, TH, OiHnAHAia, BanToHeH
: Ykpaiva i 6yTu y koHTekcTi pabuv » ykpaiwa, 6yTu, pabuH, yKpaiHCbKUA, MPE3UAEHT, SENEHCbKUMA
: YkpaiHa 1 npesupeHT y KOHTeKCTi Bonogumup ¥ ykpaiHa, MpesWeHT, BOMOAMMUD, 3eNeHCbKuid, mup, Besneka
: PumMcbkuid 1 BaTuKaH y KOHTEKCTL CBATWMA P> pUMCbKWA, BaTUKaH, CBATWIA, nana, npecton, Xxiv
: YkpaiHa 1 3eneHcbkWit y KOHTeKCTi Bonogummp » ykpaiHa, 3eNeHCbKWii, BOMOAUMMp, MpPESWAEHT, Aepkasa, Haw

Figure 23: Normalise topic names

At the final stage of the work, the function of recognising the topic of third-party text by
calculating the probabilities of its belonging to already trained topics was implemented. It made it
possible to assess the practical ability of the built LDA model to classify new documents without
prior reference to the educational building. An experiment was conducted with a test piece of text
that was not part of the training kit. The distribution of topics for this text was analysed separately
for two models: the one that was trained on a smaller corpus of about 300 texts and the one based



on an extended corpus of 830 articles. For a larger dataset, the central theme received a weight of
49.62%, which indicates the high confidence of the model in the classification.

On the other hand, on a smaller dataset, the main topic had a similar weight - 48%, but the
second topic was almost equal to it - 46%, which may indicate a lower accuracy of the model due to
a lack of training examples. The graph below shows a comparison of the distribution of topics
between the two models. Visualisation confirms that the growth of the volume of data significantly
improves the clarity of classification and reduces the blurring of results. It also reduces the chance
of misclassification of text between two nearly equivalent topics. Thus, the increase in the learning
corpus directly affects the quality of topic recognition in new documents.

A test run of the software for thematic modelling of Ukrainian-language texts was carried out,
which confirmed its operability and compliance with the task. The main goal was to check whether
the system built on the basis of the LDA model is able to recognise topics in new texts and provide
a meaningful interpretation of the results. In the course of the work, a test task was formulated - to
automatically determine the topic of the new Ukrainian-language text. For this, a model previously
trained on a large body of news articles was used. Two training options were tested: on a smaller
set (approximately 300 documents) and on a much larger set (more than 800 documents). It made it
possible to see the impact of the amount of data on the accuracy of the distribution of topics. As
the analysis showed, the model trained on a larger dataset demonstrated higher coherence and a
more stable probability distribution, which indicates a higher quality of thematic classification.
During testing, a complete cycle was implemented: pre-processing of the text with lemmatisation,
construction of thematic distribution, interpretation of topics, generation of topic names, and
display of results in a convenient form. It was conveniently organised to control the processing
execution (through process output and completion signals), save data to avoid re-wasting
resources, and visualise the results in the form of diagrams and pyLDAvis graphs. Summing up, it
can be argued that the developed software not only demonstrates correct technical implementation
but is also able to provide flexible, effective thematic modelling of text data. Such a tool can be
helpful for analysts, journalists, researchers, or information systems that require quick orientation
in large arrays of Ukrainian-language texts.

7. Discussion

When developing software, coherence (a measure of consistency of topics) is compared when using
different amounts of data. For the first dataset (~300 texts), the coherence of the model was 0.462,
while after switching to the extended dataset (~830 texts), it increased to 0.516. It suggests that a
larger body allows the model to better shape topics - the keywords in them are more related, and
the classification results are more resistant to random deviations. Thus, the quality of the model
directly depends on the volume of the educational building

Table 25

Performance

Type of stop words Word count Preprocessing Time
Hand-picked ~40 ~51 min

Advanced (full) ~200+ ~150+ min

In order not to repeat the lengthy processing process each time, it is implemented to save the
processed case to the processed_texts.pkl file. It allows you to load ready-made data at the
subsequent launch of the program, which reduces the waiting time from tens of minutes to several
seconds. In addition, visual observation of pre-processing progress via tqdm has been implemented,
and a sound signal has been added after the model training is completed, which is convenient for
long calculations. To optimise performance and avoid re-wasting time on text processing, a



mechanism for saving already processed data has been implemented. It allows the software to run
much faster when reused, especially in the context of experiments, testing models, or changing
classification parameters. After the pre-processing step is completed, all cleaned and lemmatised
texts are automatically saved as a serialised object in .pkl (pickle) format. In particular, the
processed_texts.pkl file stores a list of tokenised texts that have already passed all stages of pre-
processing: lowering, removing stop words, lemmatisation, etc. In the future, when the system
starts, the program first checks whether the file with the processed data exists. If the file is found,
the data is loaded from the disk, and there is no need to process more than 800 documents again,
which can take up to an hour. This approach provides significant resource savings and improves
user experience, especially in environments with limited execution time, such as during
demonstrations, training, or research.

with open("processed_texts.pkl", "wb") as f:
pickle.dump(processed_texts, f)

with open(“processed_texts.pkl”, "rb") as f:
processed_texts = pickle.load(f)

Figure 24: Save processed text
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Figure 25: Analysis of hyperparameters - selection of the optimal number of topics

In order to determine the optimal number of topics for building a thematic model, a series of
experiments using machine learning and coherence metrics (including c_v) were conducted. In the
course of these experiments, 29 LDA models were built with a different number of topics from 12
to 40. Based on each of the models, coherence was calculated - an indicator that reflects how
logically the words in the topic are related to each other from the point of view of real language
usage. The visualisation of the results was presented in the form of a line graph, where the number
of topics is displayed along the X axis, and the coherence value is displayed along the Y axis. The
graph clearly shows the fluctuations in the quality of the models.

The distribution of topics for this text was analysed separately for two models: the one that was
trained on a smaller corpus of about 300 texts and the one based on an extended corpus of 830
articles. For a larger dataset, the central theme received a weight of 49.62%, which indicates the
high confidence of the model in the classification. On the other hand, on a smaller dataset, the main



topic had a similar weight - 48%, but the second topic was almost equal to it - 46%, which may
indicate a lower accuracy of the model due to a lack of training examples. The graph below shows
a comparison of the distribution of topics between the two models. Visualisation confirms that the
growth of the volume of data significantly improves the clarity of classification and reduces the
blurring of results. It also reduces the chance of misclassification of text between two nearly
equivalent topics. Thus, the increase in the learning corpus directly affects the quality of topic
recognition in new documents.
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Figure 26: Comparison for different datasets, where yellow — the larger, orange — smaller dataset
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Figure 27: Topic recognition result
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Figure 28: Model dependencies, where on the left is the influence of the dataset volume on
coherence, and on the right is the time of text processing depending on the list of stop words

The left graph demonstrates how an increase in the volume of the dataset has a positive effect
on the quality of the thematic model. When the first dataset, consisting of ~300 documents, was
used, the coherence of the model (a measure of its thematic consistency) was approximately 0.462.
After expanding the corpus to more than 800 documents, the coherence value increased to 0.516,
indicating an improvement in the quality of the topic classification. The right graph illustrates how
the number of stop words affects the processing time of the text. When using a smaller list of stop



words, the process of pre-processing the entire text took approximately 51 minutes. However, an
attempt to apply a complete extended list led to a significant increase in duration - more than 150
minutes. It showed me that in order to maintain processing efficiency, you need to find a balance
between the depth of text clean-up and performance.

The main goal of this work was not just to check the functionality of the model but also to
assess how stable, fast, and qualitatively it works under different conditions. It was found that the
quality of thematic modelling directly depends on the volume of the educational building. With an
increase in the number of documents from ~300 to more than 800, the coherence of the model
increased significantly from 0.462 to 0.516, which indicates better structured and accurate topics. In
this way, the model becomes more meaningfully expressive and resistant to mixed themes.
Separately, the performance of the system was analysed, particularly the time required for word
processing. It turned out that the use of a complete list of stop words dramatically increases the
duration of pre-processing from 51 to more than 150 minutes. It was the basis for the decision to
use a shortened, optimised list of stop words, which allows you to maintain a balance between
processing depth and performance. In addition, a number of technical improvements have been
implemented: a progress bar (tgdm), a sound signal about completion, and saving processed texts
to a file (pickle). It made it possible to save time significantly when restarting the program and
made interaction with it more comfortable. Thanks to the analysis, it became apparent that the
created software is not only functional, but also efficient, scalable and suitable for further use in
real tasks of text data analysis. The results of the work confirmed the feasibility of using machine
learning for thematic modelling and the importance of correctly adjusting parameters to achieve
maximum quality.

8. Conclusions

Software for thematic modelling of Ukrainian-language texts based on the LDA (Latent Dirichlet
Allocation) algorithm was designed, implemented and tested. The system was created from scratch,
taking into account the peculiarities of the Ukrainian language, the specifics of working with text
corpora and the requirements for the interpretation of results for an ordinary user. Several datasets
were built: at the first stage, a test case of about 300 documents, and later a full-fledged extended
case with a volume of more than 830 documents. It made it possible to conclude the effect of the
amount of training data on the quality of the model, in particular, on coherence (which increased
from 0.46 to 0.516 with an increase in the corpus). The system covers all the main stages of text
analysis: pre-processing (cleaning, tokenisation, lemmatisation via stanza), conversion to numerical
format, training a thematic model, building a dictionary of topics, automatic assignment of new
texts to topics, as well as generation of conditional names of topics for user convenience.
Visualisation of results via pyLDAvis was also implemented, which made it possible to better
interpret the topic space and estimate the distances between them. Particular attention was paid to
usability: saving processed data (pickle), displaying processing progress via tqdm, sound
notifications about the completion of calculations, and optimisation of work with stop words.
Thanks to these solutions, the software became not only functional, but also practical in Use. After
training the model, the functionality of classifying new (third-party) texts was implemented and
tested. The results demonstrate that the system is able to correctly determine the subject matter of
even those documents that it has not seen before. The results were compared using two variants of
the trained model on smaller and larger datasets. In both cases, the model returned meaningful and
logical results, but from a larger case, the results were more stable and more confidently
interpreted. This project is essential in terms of the practical application of natural language
processing and machine learning methods. It proved that it is possible to effectively perform
thematic modelling of Ukrainian-language documents using modern tools (gensim, stanza,
pyLDAvis) even without the use of powerful clusters or ample computing resources. It has been
confirmed that the quality of the LDA model significantly depends on the hull volume, purity, and
quality of pre-processing, optimal selection of the number of topics, and balance between the



completeness of the stop dictionary and the speed of processing. The developed software can be
adapted to other languages, extended for more complex corpora, or integrated into larger systems
such as web applications, dashboards, or content filtering systems. Prospects for further research:

e Integration of other topic models - such as BERTopic or NMF using modern vector
representations (e.g. BERT or FastText). It can increase accuracy and flexibility in defining
topics.

e  Evaluation of the quality of the model by the user - implementation of feedback
mechanisms (for example, if the user agrees or disagrees with the topic assigned to the
text).

e  Analysis of the dynamics of topics over time - identifying how popular issues in
the news stream or publications change over periods.

e  Clustering of users or sources - based on the topics they produce or read; it is
possible to build recommended systems.

° Deeper coherence research involves various metrics (u_mass, c_npmi) and manual
evaluation by experts.

The study made it possible to create a full-fledged, functional and optimised system for thematic
analysis of texts in Ukrainian. It combines elements of machine learning, natural language
processing, and visual analytics. Work on the project made it possible to deepen practical skills in
building NLP models, optimising code, and interpreting results. In addition to the practical result, it
was also a meaningful learning experience, forming the basis for more complex research or
commercial decisions in the future.
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