data and the random forest method is used to fill in missing data values. Then you use the gradient-
boosting decision tree method to view important indicators, process proven indicators using a metric
system model based on logistic regression, and get a personal credit score. Finally, the model is
tested using a BP neural network, and the model is used to predict the level of personal credit. The
study shows that machine learning can further improve the accuracy of individuals' credit ratings and
provide a scientific basis and background information for commercial banks' credit ratings.

Key words: big data, credit scoring, logistic regression, machine learning, data
desensitization, Decision tree, BP neural network.
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REVIEW OF METHODS FOR DETERMINING THE TONATION OF TEXTS
IN NATURAL LANGUAGES

Annotation: The analysis of sentiment in user comments finds application in many areas,
such as evaluating the quality of goods and services, analyzing emotions in messages, and detecting
phishing advertisements. There are numerous methods for analyzing the sentiment of textual data
in the Russian language, but automatic sentiment analysis of Russian-language texts is much less
developed than for other major world languages. This article is part of a broader study on the creation

ISSN: 2788-7995 Becrnuk yHusepcurera [llakapuma. Texunueckue nayku Ne 1(9) 2023 57


mailto:zhannaordabayeva@gmail.com
mailto:a.moldagulova@satbayev.university
mailto:zhannaordabayeva@gmail.com
mailto:a.moldagulova@satbayev.university
mailto:zhannaordabayeva@gmail.com
mailto:a.moldagulova@satbayev.university
mailto:nursakitov@bk.ru

of an information system for detecting dangerous content in the cyberspace of Kazakhstan. The
purpose of this article is to provide an analytical review of the different approaches to sentiment
analysis of Russian-language texts and to compare modern methods for solving the problem of text
classification. Additionally, the article seeks to identify development trends in this area and select
the best algorithms for use in further research. The review covers different methods for text data
preprocessing, vectorization, and machine classification for sentiment analysis of texts, and it
concludes with an analysis of existing databases on this topic. The article identifies some of the main
unresolved problems in sentiment analysis of Russian-language texts and discusses planned further
research.

Key words: machine learning, recurrent neural networks, natural language processing, text
sentiment, NLP, information Technology.

Introduction

Text sentiment analysis is the process of automatically determining the emotional coloring of
the text, expressed in relation to some object, topic or event. The main task of sentiment analysis is
to determine whether the sentiment of the text is positive, negative or neutral[1]. Sentiment analysis
can be performed using a variety of methods, including rules, machine learning, and deep learning.
Some methods use a dictionary containing a list of positive and negative words, as well as their
weights. When analyzing a text, words are searched in the dictionary and their weight coefficients
are added up, which makes it possible to determine the tone of the text. Sentiment analysis can be
used to automatically process reviews, measure public opinion, evaluate brand reputation, and
detect signs of fraud in ads or social media posts..

Sentiment analysis of texts occurs in several stages (Fig. 1). At the first stage, the source text
is preprocessed, then informative features are extracted (text vectorization), a sentiment classifier
(recognizer) is built on their basis, and the last stage is the evaluation of the result of the work. The
stage of text vectorization for linguistic classification methods is not mandatory, since such classifiers
work directly with texts, and not with their vectors.

Text corpora, tone
dictionaries

-

. Feature
Rl EE5N Rl > R
- —~—

Figure 1 — The stages of sentiment analysis of text

Text preprocessing

Text preprocessing is the first step in its analysis. It is necessary in order to extract relevant
information from the "noisy" text. Text preprocessing includes converting all words to a single case,
removing punctuation marks, removing stop words, tokenization, word normalization, and, if
necessary, other operations.

When converting all words to the same case, as a rule, all uppercase characters are
converted to their lowercase forms, since it is assumed that the uppercase or lowercase forms of
words do not differ. All texts contain punctuation marks, which most often perform a syntactic
function, so when analyzing emotions in a text, there is no need to save them. Also, when processing
the text, stopwords are removed — words that do not contain a semantic load, for example,
prepositions, conjunctions, particles, etc. A necessary preprocessing step for subsequent computer
analysis of the text is tokenization of words — splitting the text into separate meaningful units (tokens)
[2]. The easiest way to tokenize Russian-language text is to split it into words by spaces. Word
paradigms in Russian have a large number of word forms that convey the same meaning. The form
of a word does not always carry useful information, therefore, when analyzing a text, it is
recommended to normalize all words, i.e., represent the word in its initial form. Normalization can be
done in two ways: lemmatization and stemming. Lemmatization is the transformation of a word to its
initial form (lemma). Lemmatization is based on a morphological dictionary. If the word is not present
in the dictionary, then a hypothesis is constructed about ways to change the word and obtain a
lemma for it. Stemming — obtaining the basis of a word, while endings, suffixes, and prefixes are
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discarded from words. Thus, all words in the text are reduced to a single form. Stemming is based
on morphological rules and does not require a dictionary.

Each of the stages of text preprocessing allows you to reduce the size of the space. Depending on
the source text, preprocessing may include only a few operations, and each operation may be refined
manually, taking into account all exceptions.

Extracting features from text

Before using a machine classifier, it is necessary to present the text in a humerical form
(featured description), i.e. vectorize the text. Let's consider several modern ways of text
vectorization.

BoW (Bag of Words) is one of the simplest and most common text vectorization methods. It
is based on the fact that the vector of each document in the feature space is formed from the
frequency of occurrence of individual words in this document [3]. This method completely ignores
the word order in the text and takes into account only their presence.

One-hot encoding (direct encoding) is a vectorization technique that is used to convert
categorical (nominal) data into numeric vectors [4]. It is based on the creation of fixed-length vectors,
where each element of the vector corresponds to one of the possible values of a categorical feature.

SVD (Singular Value Decomposition) — A text vectorization method that is based on the
assumption that words that often occur together have a stronger relationship than words that rarely
or never occur together[5]. It allows you to represent the word-document matrix as a product of three
matrices of lower rank.

Word2Vec (a toolkit developed by Google) is a text vectorization method that allows words
to be represented as vectors of numbers corresponding to their semantic meaning [6]. This method
is used to analyze text data and is widely used in machine learning tasks such as text classification,
searching for similar documents, and text generation.

GloVe (Global Vectors for Word Representation) is a text vectorization method that allows
you to represent words as vectors based on the statistical properties of their interaction in texts.
GloVe is based on the idea that semantically related words often appear in the context of each other.
However, unlike Word2Vec, GloVe uses a co-occurrence matrix to determine the proximity between
words [8].

BERT (Bidirectional Encoder Representations from Transformers) is a text vectorization
method based on Transformers and trained on a large amount of text. [9]. BERT uses a layered
architectural approach and a bidirectional encoding model, which allows it to take into account the
context and dependencies between words in a sentence when generating vector representations.
Unlike other models that only look at sentences in one direction (from front to back or vice versa),
BERT analyzes a sentence from both sides [10]. This is a lighter and faster version of BERT that
roughly matches its performance. The authors of [11] showed that transferring training from a
multilingual BERT model to a monolingual model for the Russian language leads to a significant
increase in performance when analyzing emotions in a text.

ELMo (Embeddings from Language Models) is a text vectorization method that uses deep
language models such as LSTM (Long Short-Term Memory) and CNN (Convolutional Neural
Networks) to create word embeddings [12]. Unlike other vectorization methods, ELMo builds word
embeddings based on the context in which they are located, taking into account both the left and
right contexts. This allows you to create more accurate embeddings that take into account not only
the word itself, but also its context, which is especially useful in the case of synonyms or words with
multiple meanings.

Sentiment classification of text data

To date, there are a large number of methods for determining the tone of the text [13]. All of
them can be divided into three main groups (Fig. 2).
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Linguistic Methods Machine learning Hybrid Methods

Learning with a teacher Learning without a teacher
Based on tone dictionaries

- Support vector machine

Rule based
- Artificial neural networks

. . - k-nearest neighbors
- Naive Bayes Classifier
- Gaussian mixture model

Figure 2 — Text sentiment. Classification mehods

The essence of the first linguistic method based on tone dictionaries is that for each word
from the text its tone is determined (for example, positive, negative or neutral) based on tone
dictionaries. These dictionaries contain a list of words that refer to positive or negative sentiment.
Then, for each word in the text, its weight is determined, corresponding to its tonality. For example,
a positive word can have a weight of 1, a negative word — 1, and a neutral word 0. Then all the
weights of the words in the text are summed up, and based on this, the overall sentiment of the text
is calculated. This method was used for sentiment analysis in [14].

The second linguistic method is based on rules. For this method to work, a large set of
production rules for the “if —> then” construction is needed. This method also involves the use of tone
dictionaries in which the words belong to a particular class. The problem of sentiment analysis is
solved using a rule-based method, for example, in [15].

Machine learning methods can be divided into two main categories: supervised learning and
unsupervised learning. Supervised learning is a machine learning technique in which a model is
trained on data that contains correct answers, i.e. data is marked. In this case, the model finds
dependencies between inputs and outputs in order to later predict responses to hew data [16].
Examples of supervised learning algorithms: linear regression, logistic regression, decision trees,
random forest, gradient boosting, and neural networks [17].

Unsupervised learning is a machine learning technique in which a model is trained on
unlabeled data with no explicit answers. In this case, the model itself finds patterns in the data,
groups data by similarity, and finds hidden dependencies between features. [18] Examples of
unsupervised learning algorithms: clustering, principal component analysis, association rules,
density-based learning algorithms, and autoencoders [19].

There are also hybrid methods that combine several different methods. In [20], for the
problem of text classification, a hybrid method was used that combines tone dictionaries and the
support vector machine. In [21], the authors combined CNN and k-nearest neighbors to solve the
sentiment analysis problem.

After the classification stage of sentiment analysis of texts, a quantitative assessment of the
results follows, which can be carried out using a set of the following statistical indicators: accuracy
or precision, completeness (recall) and F-measures (F-score) [13].

Corpora for Sentiment Analysis of Texts

Despite the relevance of the sentiment analysis of Russian-language texts, the number of
annotated corpora for the Russian language is small. At the beginning of 2022, we managed to find
four tone dictionaries and seven text corpora in the public domain, designed for the task of sentiment
analysis of Russian-language texts.

Russian-language tonal dictionaries in the public domain

When using a method based on tone dictionaries, for automatic text classification, it is
necessary to rely on a dictionary that contains words with markings for belonging to a certain
sentiment. Markup can be binary (2 classes), ternary (3 classes) and multi-class (more than three
classes). There are several tonal dictionaries for the Russian language.
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WordmapSent [22] is a tonal dictionary covering more than 46 thousand words of the Russian
language. In the published dataset, each input is associated with a tonality label and a numerical
value of the strength of the emotional-evaluative charge from a continuous range [1].

The RuSentiLex tonal dictionary [23] can contain both individual words and phrases, for which
their characteristics are indicated, denoting the part of speech or the syntactic type of the group, their
lemmatized form, tonality, and source of information. Depending on the context, the same word can
take on a different meaning. Therefore, the authors of the dictionary introduced a separate class of
sentiment, denoting a mixed assessment of the word. Also, the authors partly solved the problem
with words that have several meanings. They list all the meanings of the word according to the
RuThes thesaurus [24] and give a reference to the corresponding concept, the name of the concept
is written in quotation marks. In such cases, each meaning of the word is assigned its own sentiment
value.

LinisCrowd [25] is a tone dictionary based on user-generated Internet content on social and
political topics. Initially, the dictionary was compiled from marked-up texts obtained from the social
network Facebook. Subsequently, the dictionary was expanded by adding other word forms to it, as
well as words from other dictionaries.

WordNetAffect [26] is a lexical resource that contains words that describe emotions. It was
created on the basis of the ontology of WordNet - the semantic lexicon of the English language - by
selecting and labeling sets of synonyms (synsets) with emotional concepts. The sets of synonyms
were manually labeled with emotional labels, then they were additionally re-labeled into six emotional
categories. For the Russian language, the authors of the dictionary manually translated
WordNetAffect synsets from English.

The tonal dictionary from Belyakov's work [27] contains 690 bases of emotional words. The
dictionary is divided into two classes: the basics of Russian words with positive and negative
emotional coloring.

Russian-language emotionally colored text corpora in the public domain

There are several emotionally colored text corpora for the Russian language, their brief
description is presented below.

The largest Russian conference on computational linguistics "Dialogue” annually holds
competitions in computer analysis of the Russian language (http://www.dialog-21.ru/evaluation/),
one of the main areas of competition is the analysis of the tone of texts. Yes, in 2015 and 2016. the
organizers provided SentiRuEval text corpora. SentiRuEval-2015 [28] contains reviews collected
from the Twitter network about restaurants and cars. In addition to the general tone of the review,
SentiRuEval-2015 contains various target aspects of the object being evaluated. Each of these
aspects can also have a tonal value. SentiRuEval-2016 [29] includes reviews about banks and
mobile operators collected from Twitter. Feedback markup shows the object of the feedback and the
relationship of the subject to this object.

LinisCrowd [25] is a collection of documents on socio-political topics. The records of the
blogging platform "LiveJournal" were used as a data source. RuSentiment [22] is a text corpus that
includes posts collected from the VKontakte social network on various topics. Some posts may not
be marked by tone, but they may belong to a certain class of utterance (template greetings, thank
you and congratulations messages). RuTweetCorp [30] is a corpus of Russian-language twitter posts
automatically categorized into two classes. The ROMIP 2012 [31] and Auto_reviews [32] corpora
are also freely available.

Sentiment analysis can also be used in the analysis of conversational speech of speakers.
To solve this problem, you can use the multimodal RAMAS corpus [33]. It contains about seven
hours of audio and video recordings of interactive dialogues enacted by several actors. Before
analyzing the text component of the speakers' statements, you first need to get the spelling
transcription of the audio files, which is not provided by the developers.

Software products for sentiment analysis of Russian texts

The task of determining the tone of a text is commercially in demand; therefore, various
oriented computer systems are being developed that analyze the tone of texts. At the beginning of
2020, we were able to find five freely available software systems designed for sentiment analysis of
Russian-language texts.

SentiFinder [34] is a software module of the high-speed linguistic text analysis system Eureka
Engine. It determines the tone of texts in Russian, English and Armenian. A feature of this module
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is that it allows you to assess the degree of emotionality of the statement. It is designed to determine
the tone of reviews for various products, as well as news feeds and blogs.

Semantria [35] is a sentiment analysis software module based on the Lexalytics platform.
The system allows classifying the tone of messages in several European languages, including
Russian. Semantria is designed for text analysis in the field of marketing.

SentiScan is a text sentiment recognition technology based on the YouScan platform [36].
The SentiScan classifier was trained on data that contained product reviews from various industries.
YouScan is a commercial product, but it has a free trial available upon request.

SentiStrength is a software product for analyzing user sentiment [37]. It is designed to
analyze short social internet texts. The result of the text analysis is two scores that take values from
-5 (very negative) to 1 (not negative) and from 1 (not positive) to 5 (very positive). Initially,
SentiStrength was developed for the analysis of the English language, but subsequently adapted for
other languages, including Russian.

Texterra is an application for sentiment analysis of news messages [38]. The analyzed texts
can be from specific areas: politics, finance, internet, health, and Twitter posts. The demo version of
Texterra is freely available, its developers provide the ability to analyze the actual news collected
from the Yandex.News platform and Twitter, as well as user texts entered manually.

As arule, software products for sentiment analysis of texts in Russian are based on traditional
teaching methods and do not use neural networks. This approach can be justified by the fact that
neural networks require a large amount of training data, as well as a large amount of computational
and time resources for their training.

Conclusion

The article presents an overview of approaches to sentiment analysis of Russian-language
text data. The presence of numerous works on the topic of text sentiment analysis suggests that this
task is relevant and commercially in demand in many areas, including advertising, politics, marketing,
etc. This is confirmed by the increase in the number of conferences in the field of text analysis every
year, as well as the number of publications on the analysis of both Russian-language data and texts
in other languages. However, sentiment analysis systems for Russian-language texts are less
developed than for the main world languages. Also, the Russian-language sentiment analysis shows
a rather low accuracy compared to the English-language one, which is associated with the complex
structure of the Russian language. To confirm this statement, one can consider works on the
sentimental analysis of the Czech language, since the grammars of Russian and Czech are similar.
The works [38-40] analyze the tonality of texts in English and Czech, and the results of the study
show that the accuracy of sentiment recognition in English is higher than in Czech.

In further research, it is planned to implement an automatic classifier of advertisements for
the presence of signs of fraud in them. To do this, it will be necessary to create an experimental
corpus consisting of ads categorized as fraudulent and legal. Based on the obtained data, it will be
possible to build a classifier, first using the method based on tone dictionaries, and subsequently
other classification methods described in the article.
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TABUFU TINAEPAEN MOTIHAEPAIH TOHAUUACDBIH AHBIKTAY SICTEPIH KAPAY

lMadtdanaHywnsi nikipnepiHOeai ce3imOi manday mayapnap MeH KbiamemmepOiH canachkiH
baranay, xabapnamanapOarbl amMoyusnapObl manoday xoHe uuwuHemMIK xapHamanapObl aHbikmay
cusikmbl KenimezaeH casnanapda KondaHbinadel. Opbic miniHOeai MemiHOIk maniMemmepdi ce3imOoik
mandaydbiH kerimezaeH adicmepi 6ap, bipak opbic miniHOeai MemiHOepdiH KeHirn-KyUtiH asmomMammb|
mypOe manday aneMHiH backa Hezizei mindepiHe KaparaHOa andekalida a3 OambiraH. byn makana
KasakcmaHHbIH kubepkeHicmiciHdeai Kayinmi KoHmeHmmi aHblKmayoObiH aknapammabiK XyUeciH
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Kypy 6olbIHWa KeHipek 3epmmeydiH berniai 6onbin mabbinadsl. byn MakanaHbiH Makcambl — OPbIC
MamiHOepiHOeai ce3imdi mandaydbiH epmypri macindepiHe aHarumukarsblK WOy xacay >XeHe
MamiHOI Xikmey macereciH wewyoiH 3amaHayu adicmepiH carnbicmbipy. COHbIMeH Kamap, Makara
ocbl canalarbl Oamy meHOeHUUsnapbiH aHbiKmayra xoHe o0aH opi 3epmmeynepde natidanaHy
YWIiH eH xakKcbl aneopummdepdi maHOayra barbimmariraH. LLlony memiHdik depekmepdi andbiH ana
eHOeydiH, sekmopnaydbiH xeHe MamiHOepdiH KeHin-KyliH mandayra apHaifaH MawuHasbIK
KnaccuukayusHbiH epmypni 8dicmepiH KamMmudbl XoHe OCbl Mmakbipbin bolsbiHWa 6ap
Oepekkopnapdel mandaymeH asikmanadel. Makanada opbic miniHdeai momiHdepdeai KOHInN-Kyuodi
mandaydbiH Kelbip Heaizai wewinmezeH Mmoacenenepi alkbiHOanbin, andafbl yaKbimma
)xocrnapnaHraH 3epmmeyrnep marikbliaHaobl.

TyliH ce3dep: mMawuHarnblK OKbimy, KalimanaHambiH HeUpPOHObIK Xeninep, maburu mindi
eHOey, MemiHOIK ce3iMm.

K.E.HypcakuTtoB’, A.T. Bekuwes, C.K. KymapraxaHoBsa, A.M.Ypkymb6aeBa
BocTouHo-KasaxcTtaHcknn TexHudecknin yHmsepcuteT umenn [1.Cepukbaesa,
070004, r. YcTtb-KameHoropck, yn. NpotosaHosa A.K., 69
e-mail* nursakitov@bk.ru

OB30P METOAOB OMNPEAENEHUA TOHAJNIbBHOCTU TEKCTOB HA ECTECTBEHHbIX
A3bIKAX

AHanus HacmpoeHul 8 KOMMeHMapusix rosb3oeamersieli HaxoOum rPUMEHEHUE 80 MHO2UX
obriacmsx, makux KakK OUeHKa Kadecmea moeapoe U ycriye, aHanu3 aMouyul 8 COObWEeHUSIX,
obHapyxeHue puwuHaoeol peknambl. Cywecmeyem MHoxXecmeo Memodoe aHasnusa
MOHanbHOCMU MeKcmo8blXx OaHHbIX Ha pPYCCKOM s$3blKke, HO asmomamu4ecKkull aHasiu3
MOHalIbHOCMU PYCCKOSI3bIYHbIX MeKcmoe pa3pabomaH 20pa3do MeHbwe, 4Yyem Onsi Opyaux
OCHOBHbIX 513bIKO8 MUpa. [JaHHasi cmambs sersiemcst Yacmbio 6osee WupoKo20 uccriedosaHus o
co30aHuro UHQOpMaUUoHHOU  cucmemMbl  OBHapy)XeHUsT ~ ofacHo20  KOHmMeHma 8
kubepripocmpaHcmee KaszaxcmaHa. Llenb daHHOU cmambu — Oamb aHanumuyeckuli 0630p
pasnuyHbix Modxodo8 K aHasnudy MmOoHarbHOCMU PYCCKOS3bIYHbIX MEKCMOo8 U CpasHUMmMb
cospeMeHHble MemoObl peweHuss 3adadu Kraccugukayuu mexkcmos. Kpome moezo, 8 cmamee
cmasumcs 3adaya ebisgeume meHOeHUUU pa3sumus 8 amou obracmu u 8bibpampe onmumaribHbie
aneopummbi 05151 UCronb308aHus 8 OanbHeliwux uccriedosaHusix. O630p oxeambsigaem pasnuyHbie
memodbl npedsapumernbHoU 06pabomku meKkcmosbix OaHHbIX, 8eKkmopu3sayuu U MawuHHOU
Krnaccucbukayuu Ons  aHasu3a MmOoOHaslbHOCMU MeKcmoe U 3agepwiaemcs  aHasiu3om
cywecmeyrouwux b6as daHHbIX N0 amol meme. B cmambe 0603Ha4eHbl HEKOMOPbIE U3 OCHOBHbIX
HepeweHHbIX rnpobriem rnpu aHanu3e MoHaslbHOCMU PYCCKOSI3bIYHbIX MeKcmos u obcyxxdaromcs
nnaHupyembie danbHeldwue uccriedo8aHUusl.

Knroyesbie cnoga: mawuHHoe obydeHue, peKyppeHmHble HelpoHHbIe cemu, obpabomka
ecmecmeeHHO20 si3blKa, MOHallbHOCMb meKcma.
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