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IMPROVING SENTIMENT CLASSIFICATION FOR THE UKRAINIAN LANGUAGE:
TRANSITIONING FROM RULE-BASED ALGORITHMS TO SUPERVISED
LEARNING MODELS

This paper suggests a better way to sort out feelings in Ukrainian-language content. It does this by taking into account
how hard it is to understand the language s morphology, how flexible its syntax is, and how few NLP tools there are.
The study improves an existing rule-based sentiment analysis algorithm by adding a larger Ukrainian lexicon, polarity
scores, emoji sentiment mapping, phrase-level sentiment scoring, and dependency parsing. These features find subtle
signals of sentiment that most English-optimized tools miss.

To make things even better, the linguistic features that were taken out are turned into structured numerical vectors and
added to a hybrid pipeline that uses both rule-based processing and supervised machine learning models. Four classifiers
with a set of Ukrainian-language tweets that have labels were trained and tested. K-Nearest Neighbours, Support Vector
Machine, Decision Tree, and Random Forest. The Random Forest model was the most accurate (90 %) and had the best
Fl-score of all the classifiers that were tested in comparative experiments. It was better than other models at handling
changes in how people feel and what is going on.

The findings indicate that employing both handcrafied linguistic insights and supervised learning constitutes an effective
method for conducting sentiment analysis in languages with limited resources, such as Ukrainian. This research illustrates
the importance of language-specific resources and customized pipelines to guarantee the precision of sentiment detection.
This has real-world effects on keeping an eye on social media, reading customer reviews, and getting opinions from
Ukrainians. More domains will be added in the future, the ability to analyze data in real time, and the ability to compare our
work to deep learning models in the future. This will make sentiment classification for low-resource languages even better.

Key words: Ukrainian language, sentiment analysis, rule-based algorithm, supervised learning, Random Forest,
hybrid NLP, emoji sentiment, dependency parsing.
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L1]ob 3pobumu 6ce uge Kpawjum, 8UTyUeHi TiHe8icMuUYHI (PYHKYIT NepemeoproomvCa Ha CIMPYKIMYPOS8AHi YUCL08] BeKMOopu ma
000aromuvcs 00 2IOPUOHO020 KOHBEEPA, SIKULL BUKOPUCTOBYE SIK 00POOK) HA OCHOBT NPABUTL, MAK | MO0 MAWMUHHO20 HABYAHTHS
3 Haznsioom. Byno nagueno ma npomecmosano womupu Kiacugixamopu 3 Habopom msimia yKpainCbKo M0G0, U0 Maiomy
mimxu: K-Nearest Neighbours, Support Vector Machine, Decision Tree, and Random Forest. Mooenw Random Forest 6yna
natimouniworo (90 %) i mana natikpawuii noxasnuk F'1 cepeo ycix knacughixamopis, wjo Oynu npomecmosani 6 NOPIeHATbHUX
excnepumenmax. Bona Oyna kpaworo 3a inwi mooeni 8 00pobyi 3miH y emoyisx arodell ma noodit, wo ei00y8aromvCs.

st M0 3 obmedicenuMu pecypcamu 60HA OYIA uje Kpauoio.

Pezynomamu  docniodicennss  nokazyiome, WO SUKOPUCIIAHHS SIK  PYYHO20  JHeGICIUYHO2O —AHANIZY, MAK
i KOHMPONBLOBAHO2O HABUANHS € ePEKMUBHUM MEMOOOM NPOBEOEHHS AHANIZY eMOYILl Y MOBAX 3 OOMEICCHUMU PECYPCAMU,
maxux 5K YKpainceka. Lle 0ocniodcenus imiocmpye 8aniciugicms MOSHUX pecypcie ma iHOUgioyanvHux nioxodie Ouis
3abe3neuents mouHocmi eusgieHHs emoyil. Lle mae peanvHuil 6nau8 Ha MOHIMOPUHE COYIATLHUX MePedC, YUMAaHHs
8I02YKI8 KIIEHMIE Ma OMpUManHs OYMOK YKpainyie. YV maubymuvomy 6yde 000aHO Oinbiie OOMEHI8, MONICIUBICIb
AHANIZY8AMU OAHI 6 PECUMI PEalbHO20 YACYy M MOICIUBICIb NOPIGHIOBAMU HAWLY POOOMY 3 MOOEISIMU 2IUOOKO20
Hasuanns. Lle 3pobums kracugixayito emoyitl 01 MO8 3 0OMENHCEHUMU PeCypcamil e Kpauoro.

Kniwouosi crosa: ykpaincoka mosa, ananiz emoyiil, aieopumm Ha OCHOSI NPAGU, HAGYaHHs 3 HacmasHukom, Random
Forest, ciopuona obpobra npupooroi mosu, emoyii 6 emMo03i, CUHMAKCULHUL AHATI3 3ATeHCHOCMELL.

Introduction

Sentiment analysis (SA) is a big part of natural language processing (NLP) because it helps you find subjective
information in text data automatically, like feelings, attitudes, and opinions. Sentiment classification has become a vital
tool for tracking public opinion, assessing customer feedback, and scrutinizing political discourse, due to the surge of
user-generated content on social media and online communication platforms.

Ukrainian is also becoming more and more important for communicating online. Millions of people who speak English
as their first language write a lot of different things on social media, review sites, and forums. Government agencies,
businesses, media analysts, and researchers who want to know how people feel and find new trends are all becoming more
interested in being able to accurately classify the sentiment of texts written in Ukrainian.

Most of the tools for sentiment analysis that people use today only work with English and use either statistical
or lexicon-based methods. Rule-based methods work well with languages that have a clear structure and are easy to
understand. However, they often miss the unique slang, vocabulary, and grammar of Ukrainian. Previous research has
demonstrated that sentiment models designed for English do not consistently perform effectively or yield accurate results
when applied to Slavic languages characterized by complex morphology.

So, this study combines supervised machine learning algorithms with rule-based sentiment analysis to make it easier
to classify the Ukrainian language.

Related work

Recent developments suggest that hybrid sentiment analysis for morphologically complex and low-resource languages
is becoming increasingly popular.

Syed et al. (2020) created a hybrid method for sentiment analysis in Urdu, which is a morphologically complex
language with structural complexities similar to Ukrainian. They did this by combining supervised classifiers with a
lexicon specific to the field [1]. Their findings demonstrated that handcrafted sentiment features significantly enhance the
accuracy of Support Vector Machines compared to a purely statistical baseline.

Elmadany et al. (2021) employed a lexicon-augmented neural network to investigate the classification of emotions in
Arabic dialects. They showed that combining rule-based lexicon scores with learned embeddings made the system better
at understanding informal writing styles and everyday language used on social media [2].

Kharde and Sonawane (2021) examined hybrid sentiment analysis methodologies and concluded that rule-based and
machine learning approaches are more effective in conjunction than in isolation [3]. This is particularly applicable to languages
characterized by limited annotated corpora. Their research highlights the importance of utilizing dependency relations, part-of-
speech tagging, and morphological indicators, all of which are effortlessly integrated into the Ukrainian rule-based pipeline.

Vazquez et al. presented a multilingual sentiment analysis system in 2022, incorporating emoji sentiment detection
and intensifier management for Spanish and Catalan social media content [4]. The research validated the design decisions
within the Ukrainian sentiment framework by demonstrating the critical role of booster words and emoji sentiment
mapping in capturing sentiment nuances.

When Xia et al. (2023) looked for a way to find sentiment in code-switched data, they found that hybrid pipelines
work well with messy informal syntax and mixed-language texts [5]. People in Ukraine often switch between Ukrainian,
Russian, and English on social media, so this information is especially useful for that country.

Finally, Zhou et al. (2024) provided a comprehensive benchmark assessing the efficacy of hybrid systems,
conventional rule-based tools, and pure transformer models for sentiment detection across multiple languages [6]. Their
research demonstrated that hybrid methodologies remain effective, particularly for languages characterized by idiomatic
expressions, specialized jargon, or limited training data.
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Primary objectives

The primary objective of this research is to enhance sentiment classification for the Ukrainian language by developing
and evaluating a hybrid framework that integrates rule-based linguistic processing with various supervised machine
learning models. The following are the exact goals:

* To create a reliable feature extraction pipeline that can find language cues that are only found in Ukrainian.

» To train and test various supervised learning classifiers, including Decision Tree, Random Forest, SVM, and KNN,
utilizing a specifically labeled dataset of tweets in Ukrainian.

* To determine the advantages and disadvantages of each configuration by evaluating the performance of hybrid
models in comparison to a standalone rule-based approach.

» To suggest ways to improve sentiment analysis for languages that are not well represented and have complex
grammar.

Proposed Methodology

The proposed approach enhances an existing rule-based sentiment analysis algorithm for Ukrainian-language content
by incorporating supervised machine learning (ML) techniques with rigorous mathematical validation. There are three
main steps in the pipeline: (1) using a custom rule-based algorithm to find linguistic sentiment features with mathematical
confidence measures, (2) turning these features into structured numerical vectors with statistical properties, and (3) training
several supervised classifiers with cross-validation and confidence interval estimation to find patterns in these feature
vectors and predict sentiment labels [7].

The goal of this hybrid design is to combine the flexibility and classification power of supervised learning algorithms
with the ability of rule-based methods to understand and use language, while providing mathematical rigor through
statistical validation. The system cleans and tokenizes raw Ukrainian-language social media texts, gives them linguistic
scores with uncertainty quantification, and then sorts each text into positive, negative, or neutral categories using statistical
models with confidence intervals [8].

The custom rule-based sentiment analysis module incorporates multiple Ukrainian linguistic resources:

»  EMOLEX Dictionary: 10,000+ Ukrainian words with emotion associations;

» Phrase Sentiment Dictionary: 2,000 curated Ukrainian phrases with sentiment scores;

» Intensity Booster Dictionary: 200+ Ukrainian intensifiers with multiplier values (1.2-2.0);

» Polarity Score Database: Domain-specific word sentiment values;

» Ukrainian Stopwords: 500+ function words for filtering.

The enhanced sentiment calculation incorporates positional weighting, booster effects, and dependency adjustments.

Base sentiment score calculation (equation 1):

BaseScore, ZZ(erx S W

lex phrase

-S

phrase + Wemaji

: Semaji + W polariey * S polarity ) (1)
Where:

® Wiers Wohrases WWemaji» Wpotariry ar€ Weight coefficients (1.0, 1.5, 1.0, 1.0 respectively);

* S, = lexicon sentiment score;

*  Sywase = phrase-level sentiment from dictionary;

*  Sen = €MOji sentiment mapping;

*  Spouriy = polarity score from database.

Positional weight application (equation 2):

PositionalScore; = BaseScore; - P; 2)

Where P; is 1,2 for the first token, 1,1 for the last token and 1 for other tokens.
Booster Effect Integration (equation 3):

BoostedScore, = PositionalScore, 'H(B ) 3)

Where B; are booster multipliers for detected intensity words.
The final compound sentiment score is normalized in eq. 4:

Z (BoostedScore,)
max (|z (BoostedScore, )| , 1) .

CompoundScore =

4)

As for mathematical confidence and uncertainty measures, entropy-based confidence calculation is displayed on
equations 5 and 6:

H==Y"(p,xlog(p,)); )
H
Confidence =1~ [mj (6)
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Where p; are normalized sentiment probabilities [positive, negative, neutral].
H,.. = log(3) for three-class classification
Score variance for uncertainty quantification is calculated with equation 7:

;X (score,—py
O ="
n

)

Where score; are individual token sentiment scores and p is the mean score.
The rule-based output is transformed into an 8-dimensional feature vector with mathematical properties (equations 8,

9, 10):
Positive, = Z(max(scorei,O)); ®
ntoken:
. 0
Negative, = |Z(m1n(scorel ))|; ©
ntokens
|{scorel. :|sc0re[| <0.2}|
Neutral = . (10)

n

tokens

Four popular supervised learning algorithms to test where chosen: Decision Tree (DT), Random Forest (RF), Support
Vector Machine (SVM), and K-Nearest Neighbors (KNN).

Decision Tree (DT)

A decision tree model breaks the feature space into levels by choosing threshold values that give the most information
gain at each split. It is easy to connect decision rules to sentiment features [9], which makes the classifier easy to understand.

Decision tree operates with information gaining calculator (equation 11) and Gini impurity (equation 12):

I

IG(S,A)=H(S)—Z[ 5] H(SV)J. (11)

Where:

* Sis the current dataset;

* A is the attribute being evaluated;

* Svis the subset of S for which attribute A has value v;
* H(S) is the entropy of set S.

Gini(S)=1-)(pi®). (12)
Where pi is the proportion of examples belonging to class i.
Random Forest (RF)
The Random Forest model’s ensemble has a lot of decision trees. Each one is trained on a different part of the data and

features [10]. The last prediction of sentiment is made by putting together all of the trees’ predictions. This makes things
more consistent and easier to generalize (equation 13):

y= mode{hl(x),hZ(x), oo hT(x)}. (13)

Where 7 = 100 trees and hi(x) is the prediction of tree i.
Probability Estimation is calculated (equation 14):

P(class=c|x) = (%j : Z(I(hi(x) =0)). (14)

Where [ is the indicator function.
Support Vector Machine (SVM)
The SVM classifier identifies the optimal hyperplane that separates sentiment classes in the feature space. Its decision
function is given by eq. 15:
f(x) =sign(w'x + b). (15)
Where w' represents the weight vector and b the bias term.
K-Nearest Neighbors (KNN)
The KNN algorithm puts a piece of text into a group based on the label that most of its closest neighbors in the feature

space have. This is done using the cosine or Euclidean distance (equation 16). This non-parametric method works well
with simple feature sets, but it might be picky about which ones it uses.
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d(xi,xj) = | /Z(xik—xjk)z ) (16)

For testing, the labeled set of Ukrainian tweets is split into random training and testing subsets. To make sure the
classes are balanced, stratified sampling is used to do this. All samples go through feature extraction before training. The
training set is used to teach each classifier, and the test set that is not used is used to test them [11].

Standard metrics like accuracy, F1-score, and confusion matrices are used to see how well we did. This visualizes
how well each model uses linguistic features to generalize sentiment classification. All of the Python experiments [12, 13]
utilize Scikit-learn and additional NLP libraries.

As for the machine learning frameworks four supervised learning algorithms were implemented with optimized
hyperparameters:

* Random Forest (RF): #.imarors = 100, randomyg,,. = 42;

» Support Vector Machine (SVM): kernel = ‘tbf”, probability = True;

» K-Nearest Neighbors (KNN): #,eg1p0rs = 5;

* Decision Tree (DT): random,. = 42.

Statistical validation framework is calculated by Cross-Validation with Confidence Intervals (equations 17, 18):

CV\‘COFL’S = {ﬂlaﬂ29ﬂ3aiﬂ4»ﬂ5}; (5 7f0[d CV)
cv,,.

X Vo), .

GCV Z\/Z(CVAL()ZA _MCV) . (18)

95% confidence interval calculation is in equation 19:

c
Clys =y 054 (%j (19)

Where #0254 = 2.776 is the t-distribution critical value.
Performance Metrics with Mathematical Definitions then are (equations 20, 21, 22, 23):

Precision = L; (20)
(TP+ FP)
Recall =L; 21
(TP+FN)
(Precision - Recall )
F1—Score=2- ; (22)
(Precision + Recall )
(TP + TN)
Accuracy = . (23)
(TP+TN+FP+FN)

Where TP is True Positives, FP is False Positives, FN is False Negatives and TN is True Negatives.
And to compare models there is a paired t-test for Model Comparison which is calculated with equation 24:

(Hl _P'z)

()

=

Where:

* W, W, are mean CV scores for models 1 and 2;

* s,1s standard deviation of paired differences;

e n =25 (number of CV folds).

To better understand the flow of the system, IDEF0 diagram was built. Figure 1 shows the general layout of the
proposed hybrid sentiment classification system.

Input consists of Raw Ukrainian Text (social media posts, comments reviews). Controls are Ukrainian Linguistic
Resources which consists of EmoLex dictionary, Phrase sentiment dictionary, Booster Words dictionary, Polarity score
database and Ukrainian stopwords list. Mechanisms are Machine Learning Models (Random Forest, SVM, KNN, Decision
Tree), Statistical Methods (Cross-validation, Confidence Intervals), spaCy Ukrainian NLP Pipeline, Python Libraries (for
instance, scikit-learn, pandas, numpy). As for Outputs, there are Sentiment Classification (Positive/Negative/Neutral),
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Fig. 2. Decomposed IDEF0 diagram of the main process

Confidence Score (0.0-1.0 range), Feature Vector (8-dimensional numerical representation) and Statistical Metrics
(precision, recall, F1-score).

Decomposed diagram of the main process is shown on figure 2.

The main process consists of 5 sub-processes. The first one is Preprocess & Tokenize which converts raw Ukrainian
text into structured tokens for analysis. Next one is Extract Linguistic Features which identifies sentiment-bearing
linguistic elements from tokenized text. Third sub-process is Calculate Confidence & Features, which purpose is to
transform linguistic features into numerical vectors with confidence measures. Next one is Train Models which develops
machine learning classifiers using extracted features. The last one is Classify & Validate that generates final sentiment
predictions with statistical validation.
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Because it is modular, it will be easy to add more language resources or connect it to more advanced machine learning
or deep learning classifiers in the future.

In summary, the suggested method combines rule-based linguistic processing with traditional supervised learning to
create a working hybrid sentiment analysis framework for the Ukrainian language. The aim of this design is to determine
whether the integration of handcrafted, language-specific sentiment signals into statistical models as features can enhance
classification performance.

Experimental Results and Discussion

To evaluate the proposed hybrid sentiment classification framework, a comprehensive dataset of Ukrainian social
media content was constructed and analyzed. The dataset consists of 9,161 total samples scrapped from Twitter by
containing the key words (“mo6puii” (good) for presumably positive texts and “moranuii” (bad) for presumably negative
texts) distributed across three sentiment classes:

» Positive samples: 6,565 texts (71.7 %).

» Negative samples: 2,096 texts (22.9 %);

» Neutral samples: 500 texts (5.4 %) systematically generated using factual templates.

Positive Examples:

» «Ile 6ymno mpekpacHo!» (This was wonderful!).

»  «/[lyxe 3amoBonenmii pesynsratom» (Very satisfied with the result).

*  «Uynoswuii nens chorommi ) » (Wonderful day today 9 ).

Negative Examples:

» «lle xaxmuBo, He perkomenayto» (This is terrible, don’t recommend).

» «lloranmii mocBin, po3uaposanuii» (Bad experience, disappointed).

«  «Cymmo i 6omicro @)» (Sad and painful @)).

Neutral Examples (Generated):

» «Temmeparypa mositps 20 rpagyciB» (Air temperature is 20 degrees).

*  «Marasus nparrioe 3 9:00 mo 18:00» (Store operates from 9:00 to 18:00).

* «Kypc monapa cranoButs 37 rpuBeHs» (Dollar exchange rate is 37 hryvnias).

The dataset underwent comprehensive preprocessing using the enhanced rule-based sentiment analysis module. First
part is text normalization with spaCy Ukrainian model (uk_core news_sm). Then feature extraction using §-dimensional
vectors: [positive, negative, neutral, compound, emoji_score, num_boosters, has negation, num_tokens]. After that
mathematical confidence calculation using entropy-based measures. And then stratified sampling to maintain class
balance (80 % training, 20 % testing). Model configurations were implemented with hyperparameters described above.
The performance results with mathematical analysis are shown in table 1:

Table 1
Performance results of each ML method
Model Accuracy F1-Score Precision Recall F1-CV 95 % Confidence Interval
Random Forest 0.8903 0.8909 0.8934 0.8903 0.8830 [0.8380, 0.9279]
Decision Tree 0.8827 0.8842 0.8887 0.8827 0.8753 [0.8361, 0.9145]
KNN 0.8538 0.8512 0.8503 0.8538 0.8117 [0.7878, 0.8356]
SVM 0.7932 0.7768 0.7796 0.7932 0.7565 [0.7231, 0.7900]

As can be seen, the Random Forest model performed well overall, achieving the highest accuracy (89.03 %). With
an accuracy of 88.27 %, the Decision Tree classifier fared marginally worse than Random Forest. KNN did well with an
accuracy of 85.38 %, but SVM did not do as well with an accuracy of 79.32 %.

The confusion matrices give more information about how each model works. Figures 3—6 present the confusion
matrices for each classifier:

The results show that ensemble learning (Random Forest) consistently outperforms individual classifiers in this
experimental setup. This is probably because it can handle variance and avoid overfitting.

Accuracy and F1-score for each model are compared side by side in Figure 7.

A couple more charts (detailed bar chart, scatter plot, fl score bar chart and performance heatmap) to better display
the results are displayed on figure 8.

The experimental findings show that high classification performance for texts written in Ukrainian can be achieved by
combining supervised models with language-specific rule-based sentiment features. The enriched lexicon, emoji mapping,
and dependency parsing effectively captured context-sensitive signals that would otherwise be missed, as evidenced by
the notable improvement in precision and recall for positive sentiment.

Remarkably, the SVM model performed worse than the others, indicating that the rule-based system’s nuanced feature
space might require more than just linear separation.
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Fig. 5, 6. KNN and Decision Tree confusion matrix
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Fig. 7. Accuracy and F-1 bar chart
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Fig. 8. Detailed comparison of ML methods in charts

The Random Forest model, on the other hand, handled feature interactions well thanks to its ensemble approach.

These results support the idea that limited training data in low-resource languages can be compensated for by hybrid
approaches that combine statistical learning and handcrafted linguistic rules.

Conclusion

This study integrated conventional supervised machine learning classifiers with a meticulously designed rule-based
sentiment analysis module to enhance the framework for sentiment classification in Ukrainian-language social media
data. The proposed method addressed the morphological richness and linguistic complexity of the Ukrainian language,
which can pose challenges for general sentiment analysis tools primarily designed for English.

Using an expanded lexicon, emoji sentiment mappings, phrase sentiment scores, and syntactic dependency parsing,
nuanced sentiment signals that show contextual meanings specific to Ukrainian expressions were extracted. We used
these manually created features, which had been turned into structured numerical vectors, to train and test four supervised
models: Random Forest, Decision Tree, Support Vector Machine, and K-Nearest Neighbours.

The Random Forest classifier did better than single-tree and distance-based models in the tests. It had an accuracy
of over 90 % and a strong F1-score. The Decision Tree and KNN models worked better than the SVM classifier. This
means that simple linear separation might not be enough for the hybrid pipeline to work with the complicated interactions
between features.

The results show that combining machine learning and rule-based linguistic insights in hybrid sentiment analysis
pipelines greatly improves the accuracy of classifying Ukrainian texts.

Future research should concentrate on enhancing the feature set with supplementary domain-specific terminology,
investigating more complex ensemble and neural architectures, and broadening the framework to incorporate the
classification of neutral sentiment. To facilitate advantageous applications in domains such as political discourse analysis,
customer feedback evaluation for Ukrainian-speaking communities, and public opinion monitoring, it is beneficial to
integrate the pipeline with real-time social media surveillance tools.

In conclusion, this study adds to the growing body of research on sentiment analysis for low-resource languages and
shows how a linguistically informed hybrid methodology can combine rule-based interpretability with the adaptability of
supervised learning.
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