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METHODS FOR SENTIMENT ANALYSIS OF UKRAINIAN-LANGUAGE
CONTENT: RULE-BASED, MACHINE LEARNING
AND TRANSFORMER APPROACHES

Sentiment analysis is integral to contemporary natural language processing, as it autonomously identifies
emotional tone within textual data across diverse domains such as social media, decision-making, marketing,
and public opinion. Nonetheless, conducting sentiment analysis in morphologically rich, low-resource lan-
guages like Ukrainian presents significant challenges due to limited annotated datasets, linguistic diversity,
flexible syntactic structures, and complex grammatical frameworks. These obstacles hinder the direct applica-
tion of methods originally devised for English and other high-resource languages.

This article examines recent sentiment analysis techniques for Ukrainian content, emphasising rule-based
systems, traditional machine learning, and transformer-based language models. It outlines their fundamental
principles, highlighting their benefits, challenges, and suitability for Ukrainian texts, particularly in resource-
scarce environments. The discussion considers rule-based methods as a practical starting point, machine
learning models as adaptable classifiers, and transformer models as sophisticated tools capable of capturing
contextual nuances and complex semantics.

This paper provides a brief comparison of the performance of various methods on Ukrainian-language
data, employing standard metrics such as accuracy, precision, recall, and F1-score. The results demonstrate
that, although rule-based methods continue to be valuable in specific contexts and serve as benchmarks,
transformer models attain higher accuracy, exhibit improved generalisation, and show greater robustness to
linguistic diversity. These findings assist in shaping methodologies for sentiment analysis in Ukrainian content
and highlight potential opportunities for hybrid techniques to enhance low-resource language processing.

Keywords: sentiment analysis, Ukrainian language, natural language processing, rule-based methods,

machine learning, transformer models, low-resource languages.

Formulation of the problem. Amid the rapid
growth of textual data, sentiment analysis has become
a vital part of modern natural language processing,
enabling the automated assessment of emotional tone
in user-generated content across social media plat-
forms and within analytical systems. The ability to
automatically recognise sentiment polarity allows
organisations to monitor public opinion, analyse
large-scale textual data, and enhance decision-mak-
ing processes across various fields.

Although there has been notable progress in sen-
timent analysis for high-resource languages, apply-
ing modern methods to Ukrainian-language content
remains challenging. These issues stem from the lim-
ited availability of annotated datasets, the morpholog-
ical complexity of the Ukrainian language, flexible
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word order, and the variability of syntactic structures
[1]. Consequently, many approaches designed for
English and other high-resource languages cannot be
directly adapted to Ukrainian without making meth-
odological adjustments.

Modern sentiment analysis methods are usu-
ally categorised into rule-based systems, traditional
machine learning techniques, and transformer-based
language models. Each of these methods offers its
own benefits and drawbacks when used with Ukrain-
ian texts, especially in low-resource settings where
annotated data and computational power are limited.

Therefore, an important scientific problem is to
systematise contemporary approaches to sentiment
analysis of Ukrainian-language content, identify their
advantages and limitations, and assess their appli-
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cability in low-resource conditions. Addressing this
problem contributes to the development of effective
intelligent systems for Ukrainian-language text pro-
cessing and supports further advancement of natural
language processing methods for morphologically
rich languages [2].

Analysis of recent research and publications.
Recent advancements in sentiment analysis reveal
considerable progress across various methodological
paradigms, including rule-based approaches, tradi-
tional machine learning techniques, and transform-
er-based language models [3]. Early sentiment analy-
sis systems mainly relied on lexicon- and rule-based
methods, which remain pertinent for their interpret-
ability and stability in low-resource environments.
These approaches typically utilise sentiment dic-
tionaries, polarity scoring mechanisms, and linguis-
tic rules to determine sentiment orientation, making
them especially appropriate for morphologically rich
languages where annotated data are limited [4].

Recent progress in statistical natural language
processing has led to the widespread use of machine
learning techniques like Naive Bayes, Support Vec-
tor Machines, and logistic regression for sentiment
analysis. These approaches facilitate automated fea-
ture extraction and scalable classification but depend
heavily on large, annotated datasets, which remain
limited for Ukrainian-language content [5]. Con-
sequently, their effectiveness can vary significantly
depending on the domain and dataset size.

Recently, transformer-based language models
like BERT and its variants have achieved leading
results in sentiment analysis by effectively capturing
context and semantic links in the text. Multilingual
transformer models also support cross-lingual trans-
fer learning, which benefits low-resource languages.
However, deploying these models typically demands
significant computational resources and domain-spe-
cific fine-tuning to perform well in Ukrainian-lan-
guage environments [6].

Although there has been an increase in senti-
ment analysis studies, research remains fragmented
in methodology, especially for Ukrainian-language
content. Most works focus on evaluating individual
approaches rather than providing a broad compari-
son across methods. Additionally, challenges such as
linguistic variability, limited resources, and domain
adaptation are not sufficiently explored in the existing
literature [7].

Thus, additional research is needed to organise
current sentiment analysis techniques and evaluate
their effectiveness for Ukrainian-language texts, par-
ticularly in low-resource environments.
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Task statement. The purpose of this study is to
organise contemporary approaches to sentiment anal-
ysis and assess their suitability for Ukrainian-lan-
guage content in low-resource conditions. The study
aims to identify methodological strengths and weak-
nesses of different approaches and determine their
effectiveness in processing morphologically rich
texts.

To achieve this goal, the following objectives are
defined:

— to analyse existing methodological approaches
to sentiment analysis, including rule-based, machine
learning, and transformer-based methods.

— to generalise the theoretical foundations of senti-
ment analysis for Ukrainian-language text processing.

— to organise the advantages and limitations of
modern sentiment analysis approaches in low-re-
source environments.

— to identify key challenges related to applying
modern sentiment analysis techniques to morpholog-
ically rich languages.

— to justify the feasibility of combining methodo-
logical approaches for enhancing sentiment classifi-
cation performance.

Outline of the main content of the study. This
research formalises sentiment analysis of Ukrain-
ian-language texts as a supervised multi-class clas-
sification problem within a unified decision-making
framework. The set of textual inputs is represented
as a finite collection of natural-language messages,
where each instance corresponds to a single text, and
the overall dataset consists of N observations.

Xz{xl,xz,.,.,xN} (D

where x, — individual text, N — total number of texts.

Each text can be represented as an ordered
sequence of linguistic units (2), reflecting its internal
syntactic and lexical structure [8].

X, =(w1,w2,...,wL’) 2)

where w, —word/token, L, — length of the text.
The sentiment classification task is defined over a
finite label space (3):

Y:{yl’yzv"’y]q (3)
where K is the number of sentiment classes.

This study utilises a three-class setup (4), repre-
senting positive, negative, and neutral sentiments.
This method frames sentiment analysis as a categor-
ical decision-making process, well-suited to applied
information systems that require clear, interpretable
results.

Y = {texrnegalive > texrposilive > textneu!ml } (4)
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The annotated dataset utilised for modelling can
be represented as a set of input—output pairs (5),
where each textual instance is linked with a prede-
fined sentiment label [9].

D:(xmyi) )

where x, € X — text instance, y, €Y — corresponding
sentiment label.

Within this formulation, sentiment analysis can be
conceptualised as a functional mapping from the domain
of textual inputs to the domain of sentiment labels (6).

(6)

N
i=1

f:X->Y

where f is the sentiment classification function.

For data-driven approaches, this mapping is
parameterised (7), allowing models to learn decision
boundaries from empirical observations.

fioyoo = (7)

where 6 —model parameters, ¥ —predicted sentiment
label.

From a modelling perspective, sentiment classifi-
cation typically comprises two stages: representation
learning and decision-making. The representation
stage converts textual inputs into structured formats
suitable for automated processing, while the classifi-
cation stage assigns sentiment labels based on learned
or predefined decision rules (8).

®)

Ti61) = 8ofov)
where g, — classifier operating on representations.
The final decision is made using a maximum a
posteriori criterion (9), ensuring consistent label
selection across modelling paradigms.

y=arg max, cyp(y |x,6)

©)

where p(y|x,0) — predicted probability of class y,
y —final predicted sentiment label.

This formalisation provides a unified conceptual
basis for evaluating various sentiment analysis meth-
ods within consistent methodological conditions. Using
a shared decision framework, differences in empirical
outcomes are primarily attributed to modelling features
rather than inconsistencies in task definition.

To facilitate an objective and consistent compari-
son across various sentiment analysis techniques, this
study uses a standardised evaluation framework that
standardises all phases of the experimental process.
This framework establishes uniform methodological
conditions for rule-based, traditional machine learn-
ing, and transformer-based models, allowing differ-
ences in performance to be mainly ascribed to the
models' features rather than to variations in experi-
mental setup [10].

The framework's overall structure is shown in
Fig. 1. It comprises five interconnected layers: unify-
ing datasets and preprocessing; adapting representa-
tions across different modelling paradigms; a unified
protocol for training and fine-tuning; a standardised
evaluation process; and a comparative analysis with
reporting. This layered design ensures methodologi-
cal consistency and encourages reproducible experi-
ments across all approaches.

Modular structural scheme of the comparative
sentiment analysis framework

—Dataset and Preprocessing unification

Unified
training and fine-tuning protocol

Standardised
evaluation procedura

|__|Comparative
analysis with reporting

|__|Representation adaptation across
modelling paradigms

Fig. 1. Modular structural scheme of the comparative
sentiment analysis framework

Within the proposed framework, all models are
evaluated using a consistent annotated dataset, stand-
ardised sentiment label definitions, and a uniform
data partitioning strategy. The dataset is divided
into mutually exclusive training and testing subsets
(10-11), with their proportions set by a fixed split
coefficient (12). This method prevents information
leakage and promotes fairness across different model-
ling approaches, particularly for data-driven methods
trained on labelled data.

D=D,, LD, (10)
where D,,, — training subset, D,, — testing subset.
D, D, =7 (11)
where & — denotes the empty set.
|D,| =N,
|D.,|=(1-0)N (12)

where a<(0,1) — dataset split coefficient, N — total
number of samples.

To ensure comparability, a standardised set of
evaluation metrics is used across all methods. Pre-
dicted sentiment labels serve as classification outputs
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(13), with ground-truth labels defined similarly (14).
The classification results are presented as label pairs
(15), enabling systematic differentiation between cor-
rect and incorrect predictions via an indicator-based
approach (16). The overall predictive accuracy is then
measured with a unified statistical metric (17).

Y= (7052 - m) (13)

where y, — predicted sentiment label, M — number
of test samples.

Y=(31, V00 Var) (14)
where y, — true sentiment label for sample .
(7.7) (15)
where y, — true label, ¥, — predicted label.
{3 =5) (16)

where ||(-)=1 if the condition holds, ||(-)=0
otherwise.

Ell v = 9] (17)

where E[] — expectation operator.

By maintaining consistent experimental condi-
tions, this framework provides a reliable foundation
for comparing sentiment analysis methods. It ensures
reproducible results, facilitates clear interpretation
of performance, and enables systematic assessment
of sentiment analysis techniques for Ukrainian-lan-
guage systems in low-resource settings.

The empirical evaluation is conducted on a
Ukrainian sentiment corpus containing 9,161 short
texts from social media. Positive and negative sam-
ples are naturally occurring user posts, whereas the
neutral class includes brief factual statements that dif-
fer structurally from emotionally expressive content.
The sentiment category distribution is displayed in
Table 1.

Table 1
Full corpus distribution
Class ég?,g; (;r(f:/t ) Total Share
Positive 5,251 1,314 6,565 71.7%
Negative 1,677 419 2,096 22.9%
Neutral 400 100 500 5.5%
Total 7,328 1,833 9,161 100%

To maintain methodological consistency, the cor-
pus is split into training and testing subsets through
stratified sampling with a fixed random seed. This
approach preserves class proportions and ensures fair
comparison across different modelling paradigms.
The annotated dataset facilitates evaluation of sen-
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timent classification under consistent experimental
conditions within a unified comparative framework.

Before modelling, texts undergo standard preproc-
essing steps. These include normalising whitespace,
removing extra spaces, and replacing typographic
symbols with ASCII equivalents. No lowercasing,
stop-word filtering, or lemmatisation is applied, as
these processes can distort lexical signals crucial for
rule-based and TF-IDF methods and have limited
advantages for subword transformer tokenisers.

All models are trained and evaluated under con-
sistent experimental conditions. Classical machine
learning baselines are trained on the full training
subset, whereas transformer-based models are fine-
tuned with a fixed hyperparameter set. A standardised
training protocol is employed to facilitate cross-archi-
tecture comparisons, using uniform optimisation set-
tings, batch sizes, sequence length limits, and repro-
ducibility measures.

This comparative evaluation examines the per-
formance of rule-based, classical machine-learn-
ing, and transformer-based sentiment analysis tech-
niques within a single experimental framework. It
aims to identify overall performance trends, analyse
class-specific behaviour, and assess the relative effec-
tiveness of various modelling approaches for senti-
ment classification in Ukrainian.

Model performance is evaluated using standard
classification metrics such as accuracy, precision,
recall, and Fl-score, all calculated under consistent
conditions across approaches. The confusion matrix,
as defined in (18), helps analyse the distribution of
correct and incorrect predictions among sentiment
classes. Additional metrics, such as true positives, false
positives, and false negatives, calculated according to
(19-21), enable detailed evaluation at the class level.

C=[¢,] (18)
where ¢, —number of samples whose true sentiment
class is i and which are predicted as class ;.

TP, =c, (19)
where TP, — true positives for sentiment class & .
FF, :zcik (20)

i#k
where FP, — number of samples incorrectly predicted
as class & .

FN,=>¢,

Jj#k

e2y)

where FN, —number of samples of class 4 incorrectly
predicted as other classes.

The overall classification results reveal consistent
performance differences across different modelling
paradigms. Transformer-based models perform best,
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given their ability to capture contextual dependen-
cies, implicit sentiment cues, and intricate semantic
relationships. Classical machine learning techniques
also perform well in controlled environments, espe-
cially when lexical signals closely match sentiment
polarity. Conversely, rule-based methods tend to lag,
as they rely heavily on fixed lexical resources and
have limited ability to model context.

Table 2 summarises the quantitative comparison
of the evaluated models. The results indicate that
data-driven approaches clearly outperform purely
rule-based systems across all evaluation metrics.
These performance differences are particularly evi-
dent in macro-averaged measures, which provide a
more balanced view of classification across sentiment
categories.

Table 2
Comparison of sentiment analysis models
Model Accuracy Precision (M) R(T\s:;“ F1 (M) Precision (m) R(e::)‘n F1 (m)
3 tfidf logreg 0.98036 0.975485 0.98815 0.981499 0.98036 0.9803 0.98036
2 custom ua hybrid 0.971631 0.950001 0.98247 0.965465 0.971631 0.9716 0.971631
4 Geotrend
distilbert-base-uk- 0.962357 0.9516 0.97924 0.964041 0.962357 0.9623 0.962357
cased
l,trﬁl,els;lggn, 0.749591 0.611506 0.69611 0.61494 0.749591 0.7495 0.749591
Confusion Matrix: 3_tfidf_logreg Confusion Matrix: 2_custom_ua_hybrid
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Fig. 2. Confusion matrices of sentiment analysis models
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Figure 2 displays confusion matrices for the eval-
uated models, showing the distribution of correct and
misclassified predictions across sentiment classes.

A comparison of class-level performance for the
different approaches under evaluation is shown in
Fig. 3. The results reveal significant differences in
overall classification accuracy among the various
modelling approaches. The basic lexical rule-based
approach achieves an accuracy of 74.96%, highlight-
ing the limitations of fixed-dictionary methods when
processing languages with complex morphology.

Classical machine learning methods demonstrate
significantly better results. The TF-IDF model com-
bined with logistic regression achieves the highest
accuracy among all the approaches studied—98.04%—
demonstrating the high effectiveness of linear clas-
sifiers in sentiment analysis tasks, where polarity is
often determined by explicit lexical markers.

A hybrid approach that combines lexical and sta-
tistical features achieves an accuracy of 97.16%, con-
firming the importance of integrating diverse feature
sources to improve model robustness.

The DistiIBERT-base-uk-cased transformer model
also shows high performance, achieving an accuracy
01 96.24%. Although its results are slightly lower than
TF-IDF + Logistic Regression, transformer architec-
tures offer more context-dependent representations
of text and can better generalise to complex semantic
dependencies.

Overall, the evaluation confirms that contextual
modelling methods are effective for Ukrainian senti-

08

Scome

04

0.2

0.0

ment analysis. It also provides empirical support for
the use of transformer-based techniques in practical
information systems in low-resource settings.

Despite the high overall performance of several
evaluated models, a detailed analysis reveals system-
atic challenges in sentiment classification in Ukrain-
ian-language texts. The most frequent errors occur
when sentiment polarity is weakly expressed or ambig-
uously conveyed in context. Specifically, neutral state-
ments often include lexical elements that may appear
sentiment-bearing outside their context, leading to
misclassification by both statistical and neural models.

Another reason for classification errors arises from
Ukrainian-specific linguistic characteristics. The
language's morphological variability, flexible word
order, and common use of intensifiers or negation
constructions complicate sentiment analysis, particu-
larly for rule-based and traditional machine learning
approaches that rely mainly on surface lexical cues.
Consequently, models may misinterpret polarity cues
or miss important syntactic relationships affecting
sentiment detection.

Transformer-based architectures show greater
resilience to linguistic variations thanks to their con-
textual representation mechanisms. However, even
these models sometimes struggle with implicitly
expressed sentiment, irony, or context-dependent
emotional cues that demand deeper pragmatic under-
standing. These limitations suggest that sentiment
analysis for Ukrainian-language content remains sen-
sitive to linguistic nuances and contextual differences.

Accuracy

96.2%

Fig. 3. Accuracy chart comparison
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Overall, the results show that modern contextual
language models significantly improve sentiment
classification. However, additional gains are possible
with hybrid modelling approaches, larger annotated
datasets, and domain-specific language representa-
tions tailored to Ukrainian data.

Conclusions. This study offers a comprehensive
comparison of rule-based, classical machine learning,
and transformer-based approaches to Ukrainian-language
sentiment analysis within a unified experimental frame-
work. The proposed methodological design ensures con-
sistent evaluation conditions and enables reliable compar-
isons across diverse modelling paradigms.

The results clearly show performance differences
among the approaches and confirm that contextual
representation models are effective for sentiment clas-
sification in Ukrainian texts. Transformer-based mod-
els demonstrate strong performance overall; however,
classical machine learning models achieve the high-

est accuracy in this experimental setup. Meanwhile,
classical machine learning methods achieve compet-
itive results in controlled experiments — rule-based
methods, though interpretable and resource-efficient,
are less effective in complex linguistic cases.

The error analysis highlights persistent issues with
linguistic ambiguity, implicit sentiment expression,
and the structural variability of Ukrainian texts. These
results indicate that sentiment classification accuracy
remains affected by contextual and pragmatic factors,
despite the use of advanced modelling techniques.

The findings support advancing Ukrainian senti-
ment analysis by providing a standardised evaluation
framework and empirical data that endorse the appli-
cation of contextual language models in real-world
information systems. Future studies might aim to
expand annotated corpora, improve domain adapta-
tion strategies, and explore hybrid models that inte-
grate linguistic expertise with contextual embeddings.
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JomoBanbkuii A.A., Baciok TM. METOJIU AHAJII3Y HACTPOIB Y KOHTEHTI
YKPATHCBKOIO MOBOIO: IIJIXOAU HA OCHOBI TIPABUJI, MAIIIMHHOI'O HABUYAHHSA

TA TPAHC®OPMEPIB

Ananiz monanbHOCMi € 8aNCIUBOIO CKAAOOB0I0 CYHACHOI 00pOOKU NpupoOHoi MOu, wo 3abe3nedye

aABMOMAMU308aHe GUIHAYUEHHS eMOYIlIHO20 3a0apEIeHHs. MEeKCTNOBUX OQHUX Y PI3HUX 2ATY38X 3ACTOCYBANHS,
30KpeMa 8 AHAI3T COYIAIbHUX MePeNC, CUCTNEMAX NIOMPUMKU RPULHAMMA PILUEHb, MAPKEMUH206IL AHanimuyi ma
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MOHImMopunzy epomaocwyroi oymxu. [lpome ananiz monanvrocmi 0Jist MOPGHONLOIUHO CKIAOHUX | MALOPECYPCHUX
MO8, 30KpeMda VKPAiHCbKOL, 3anuiacmopcsl CKAAOHUM 3A80AHHAM Yepe3 OOMENCEHICIb POMIYEHUX KOPNYCis,
MOBHY 8aPIAMUBHICIIb, SHYUKULL NOPAOOK CJi6 | CKIAOHY epamamuyny cmpykmypy. Lle yckiaonioe 6e3nocepedne
3aCcmMocysants Memoois, po3podNenux 015 AHIUCLKOL Ma IHUUX BUCOKOPECYPCHUX MO8.

Y cmammi nodamo cucmemamusosanuii 02140 Ccy4acHux nioxo0ie 00 aHAN3Yy MOHANLHOCMI
VKPAiHCbKOMOBHO20 KOHmMeEnmy, 30cepeodicenuti Ha rule-based memooax, Kiacuunux memooax MAawuHHO20
HABUAHHS MA MPAHCHOPMEPHUX MOBHUX MoOensx. [Ipoananizoeano meopemudni 3acaou 3a3HaYeHUx nioxoois,
ix nepesacu, oomedxceHHss ma npUOAMHICmMs 00 00POOKU YKPATHCOKOMOGHUX MEKCMIE 8 YMOBAX 0OMENCEHUX
pecypcis. Ocobnusy yeazy npudineno rule-based memooam sk eghekmusnomy 6a3080my piuieHHIO OJis
MAnOPEeCypCHUX YMO8, MOOENAM MAUUHHO20 HAGYAHMA SK MACWMADOBAHUM KIACUDIKAMOPAM, d MAKOIC
MpaHcHopmMepHuUM  apxXimexmypam AK CYYACHUM DIWEHHAM, Wo 3a0e3neuyioms KOHMEKCMHO 3aleHCHI
npeocmasients mexkcmy ma 30amui 6paxo8y8amu CKAAOHT CeMAHMUYHT 3A1eHCHOCTII.

Y pobomi mnagedeno Kopomie nopieHsIbHE OOCHIONCEHHS epeKmMUSHOCMI pI3HUX Ni0X00ie Ha
VKPAIHCbKOMOGHUX OQHUX 13 GUKOPUCMAHHAM CIMAHOAPIMHUX MEMPUK OYIHIOBAHHS, 30KpeMd accuracy,
precision, recall ma F1-score. Ompumani pe3yiomamu cgiouams, ujo xoua rule-based memoou 3anuwaromocs
eeKMUBHUMU 8 OOMENCEHUX YMOBAX | MOJCYMb BUKOPUCTIOBYBAMUCA SIK 0A3061 MoOeli, mpanchopmepii
MoOeni OeMOHCMPYIOMb  6UW) MOYHICMb, Kpawly Y3a2aibHIO8AHICMb § CMIUKICMb 00 JiHe8ICMUYHOL
sapiamusHocmi mexcmis. Pezynomamu 00CHIONCeHHs CNpusiioms cucmemamusayii nioxo0ie 00 aHauizy
MOHATLHOCMI YKPAIHCOKOMOBHO20 KOHMEHMY MA OKPeCIoioms NePCneKmuu po3eUmKY ciopuoHux nioxooie y
3a0auax o6poOKU MALOPECYPCHUX MOB.

Knrouosi crosa: ananiz monanbHocmi, yKpaincoka mosa, 0o6pooxa npupooHoi mosu, rule-based memoou,
MawunHe HA8UaAHHs, MpaHchopmepHi MOOeNi, MaLoOPeCyPCHi MOBU.
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