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DETECTION: A CASE STUDY WITH MORPHOLOGICAL ANALYSIS

Abstract. The growing number of spam messages in digital communication highlights the
urgent need for effective spam detection systems, particularly for languages that lack sufficient
digital resources, such as Kazakh. This research aims to develop a machine learning-based
approach tailored for spam detection in Kazakh messages, utilizing various text preprocessing
techniques and methods to enhance model performance.

The primary objective of this study is to evaluate the effectiveness of the Multinomial Naive
Bayes algorithm in classifying spam and non-spam messages within a dataset composed of 200
manually labeled samples. The methodology involves several essential steps, including data
collection, preprocessing to clean and normalize the text, and feature extraction to transform the
messages into a suitable format for analysis.

The findings reveal that the proposed model achieves an impressive accuracy rate of 95%,
demonstrating its potential for effective spam detection in the Kazakh language. This work
significantly contributes to addressing the existing gap in spam detection resources specifically
designed for the Kazakh-speaking community. The practical implications of the results are
considerable, as they can inform the development of more sophisticated spam filtering systems,
thereby enhancing user experience and security in digital communications. Moreover, theoretical
significance lies in its contribution to the fields of natural language processing and machine
learning, encouraging further research and development of algorithms and techniques applicable
to underrepresented languages. The study outlines text processing steps to enhance spam detection
accuracy in Kazakh messages improving machine learning models' ability to identify patterns.

Keywords: spam detection, TF-IDF, Multinomial Naive Bayes, kazakh language, spam
prediction, machine learning.

Introduction.

In the digital century the spread of spam messages across communication and on social
platforms has become a major challenge. Hackers, intruders and advertisers use these platforms to
profit, by many tools and schemes. Spam is defined as an unwanted message or SMS sent on
mobile phones, and platforms, often containing malicious, irrelevant content [1]. Spam messages
come in different types, each with various characteristics and purposes. One common type is
phishing spam, which attempts to trick users into sharing personal information, to steal personal
data. Promotional spam includes over-the-top marketing messages that overwhelm recipients with
advertisements. Another type is fraudulent spam, where scammers promise financial gain to trick
recipients into providing money or bank details. Additionally, malware spam contains malicious
links or attachments that infect devices with viruses or spyware. [2]. As usage and continuing to
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gain traction in online services, the need for filtering unwanted Internet resource is an urgent
problem [3], in our case spam detection system adapted for Kazakh text is becoming increasingly
evident.

Kazakh language speakers are estimated to be over 13 million, and they are growing annually
[4]. Also, demand for internet resources is fueled by the growing number of Kazakh speakers
engaging in digital interactions, especially on social media and messaging applications. Despite
the importance of spam detection, existing models are primarily focused on most popular
languages such as English, German Russian etc. [5]. This creates a notable gap in resources
available for the Kazakh language.

Numerous studies have demonstrated the effectiveness of various algorithms, especially in
languages rich in linguistic resources. Although machine learning techniques surpass manual
review in spam detection, distinguishing fake from real reviews remains challenging due to limited
distinguishing features, as noted by [6]. For example, algorithms such as Naive Bayes, Support
Vector Machines (SVM), and Deep Learning models have been widely used for spam classification
tasks, consistently yielding promising results in terms of accuracy and precision, as highlighted in
several research papers [7]. The increasing prevalence of spam emails poses significant challenges
that require the development of effective spam detection systems. Researchers have explored
various machine learning techniques, showing that methods such as Logistic Regression and Naive
Bayes can achieve impressive accuracy levels of up to 99% [7-8].

Additionally, the integration of natural language processing techniques has proven useful in
improving the effectiveness of spam detection [9]. These advances suggest that combining
different algorithms or filtering methods can lead to more intelligent spam detection classifiers,
ultimately improving user experience and security in email communication.

There are a lot of related works across the that apply machine learning methods in spam and
fishing detection. Spam detection is a classification problem in which machine learning models
are trained to distinguish between legitimate messages, called not-spam and unwanted messages,
known as spam [10]. This involves using various features from the text to help the models
recognize patterns that define each category.

The theoretical basis for spam detection is rooted in natural language processing (NLP) and
machine learning algorithms. These methodologies analyze various text features, such as word
frequency, syntax, and semantics, to identify patterns that can effectively distinguish spam from
unwanted messages [11]. A common approach in this area is supervised learning, in which models
are trained using labeled data sets that contain both spam and non-spam examples, allowing
meaningful insights to be extracted from the data.

In particular, the work mentioned in [12] highlights the KazNLP initiative, which focuses on
developing tools specifically for processing the Kazakh language. This project includes critical
features such as text normalization and tokenization, which are important steps in building a robust
spam detection system. Despite these advances, the tools developed in KazNLP still require further
improvement to improve their performance in spam detection tasks.

Various machine learning algorithms have demonstrated effectiveness in spam detection in
multiple languages. In [6], the authors evaluated several email spam detection algorithms and
found that both Naive Bayes and Logistic Regression achieved accuracy levels of up to 99%. This
finding highlights the robustness and stability of traditional classifiers in solving spam detection
tasks. Similarly, a study cited in [10] investigated spam detection using different classifiers,
showing that the multinomial naive Bayes method was the most effective, although it faced
limitations arising from its class independence assumptions.

Further study cited in [9] evaluated several machine learning methods for spam detection
and found that random forest and support vector machine achieved 96.67% and 97.33% accuracy,
respectively, when using Count Vectorizer and TF-IDF methods for feature extraction. In studies
focusing on other languages, works cited in [7] and [13] examined the performance of naive Bayes
networks, convolutional neural networks, SVMs, and long short-term memory (LSTM) networks
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for spam detection. In particular, LSTM demonstrated the highest accuracy among the models
tested, illustrating the applicability of deep learning approaches to spam classification problems.

Moreover, the authors of [8] proposed improvements to naive Bayes classifiers aimed at
improving the accuracy of high-precision spam detection, in particular to address the persistent
problem of false positives that continues to challenge spam filtering systems. The results of the
study mentioned in [14] concluded that the Multinomial Naive Bayes algorithm outperformed the
Bernoulli Naive Bayes algorithm, albeit with a small difference in accuracy of 73% on a small
dataset of 312 records. However, both algorithms showed limited performance due to the
limitations imposed by the dataset size, highlighting the importance of using larger and more
comprehensive datasets for training spam detection models.

The aim of this article is to address this gap by developing a machine learning-based spam
detection model that is tailored for Kazakh text messages. Using text prepossessing techniques,
we will examine how effective Multinomial Naive Bayes machine algorithm is at classifying
messages as spam or non-spam based on our dataset. We labeled messages in dataset into spam
and not-spam, which indicates our email message if relevant 0, if not then 1.

Materials and methods.

We identified several key challenges addressed in previous studies: reducing false positives
to improve accuracy, developing and improving model accuracy using larger and diverse datasets.
These goals highlight the need for complex machine learning methods and algorithms and the
importance of language resources to achieve high accuracy in spam detection tasks.

So, Naive Bayes was selected for this study a high accuracy in spam filtering tasks, second
only to more complex deep learning-based models, but requires fewer computational resources
and is easier to interpret.

Its effectiveness in processing Kazakh text is further justified by the fact that this algorithm
works well even with a limited amount of training data, which is a pressing issue for resource-
constrained languages such as Kazakh.

The methodological framework outlines the steps required to apply a machine learning
approach to identify spam messages in the Kazakh language. The process begins with data
collection, where spam and legitimate messages in the Kazakh language are gathered from sources.
Following this, preprocessing is carried out to clean and format the data, addressing issues such as
noise removal and text normalization to enhance the quality of the input [12]. The next step
involves TF-IDF vectorization, feature extraction technique that converts the textual data into
numerical representations, making it compatible with machine learning algorithms [15]. Once the
features are extracted, model training occurs, where machine learning algorithm, including Naive
Bayes, is trained on the dataset to learn the characteristics of spam messages. This process is
followed by model evaluation, where the trained models are assessed for their accuracy and
performance using metrics like precision, recall, and Fl-score. Finally, the results will be
presented, illustrating the effectiveness of the proposed approach in accurately detecting spam
messages in Kazakh (see Fig. 1). This systematic methodology provides a thorough spam detection
in specific languages. We would like to engage in more in-depth regarding the methodology and
findings related to steps.

Dat »l Dat , N TD-IDF
ata ata preprocessing Vectorization
b4
Results < Model Evaluation 4 Model Training

Figure 1 — Flow Chart of methodology
Note — compiled by the authors based on work [13]
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The effectiveness of any machine learning model heavily relies on the quality and
representativeness of the dataset used for training and testing [16]. For this research, we
meticulously collected a dataset consisting of user-generated content in the Kazakh language from
SMS, social media and emails. This dataset comprised a total of 200 instances, which were
manually labeled into two categories: spam and non-spam (ham).

The data was sourced from various platforms, including social media, messaging
applications where language speakers interact. We also ensured that the dataset captured a diverse
array of spam types, including phishing attempts, advertisement spam, and irrelevant content,
alongside legitimate messages (see Fig. 2).

label message
0 Bizniy, ®aHa #ofaMbizabl EapaHbis.
0 KiTan #asy SofbHLE #MHAMBICKA KaTRICHIKES.
0 Canem, gockIM, EAaNanchiH]
0 Cendi kyHi dyTon oibiHo Gonagw.
0 Byrid aya parkl 6Te KEpEeMET.

0 CizaiH capanTamansy, HATHAHENEPIHIS LWLKTH &nbIn K. ..
1 S3iHgi Tanmak gan Soncad, BizaiH TeCcTT T
0 Eprmed ic-uapaga Senrini wWeTengix MefMangap Gonagol
0 Kewikned Ken, MeH CaFaH CeHeMiH

0 Carat 17 00 ge kesnecy DONATHHBIH YMbITRaHLS!

Figure 2 — Dataset representation

We can see the distribution of spam and non-spam messages across the dataset in figure 3,
where categories are distributed almost equally.

-

50.8% 49.2%

| Message Type
Not Spam
Spam

Figure 3 — Distribution of spam and non-spam messages

Data preprocessing is the process of modifying a dataset to improve its utility during model
development by minimizing the impact of less important features [15]. The main goal of text
preprocessing is to standardize each message into a uniform format using various transformation
techniques, thereby ensuring that the data is clean, relevant, and ready for effective analysis in
machine learning models.
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Data preprocessing includes tokenization, stopword removal, stemming, ensuring the text is
clean and transformed for effective analysis [7] (see Fig. 4).

InputText:
"Menid XaTeiMObl ok 17

v

Lowercase and Tokenization :

["menin”, "xateimgb”,” oxbl

'

Stopword Remove:

["xaToimam”™, "oKm"]

"

Stemming:

["xat”, "orp"]

v

Processed Text
“MaT oKbl"

Figure 4 — Data preprocessing steps

Note — compiled by the authors based on work [3]

For each message, the first step is to convert each word in the message to lowercase. This
transformation can be formally defined as a mapping where each word is transformed into its
lowercase version.

Next, the lowercased string is split into a sequence of words or tokens. This process converts
the string into a list of alphanumeric tokens.

Stopwords are commonly used words in a language, such as conjunctions, prepositions, and
pronouns, that are often filtered out in natural language processing tasks because they carry
minimal meaning and do not significantly contribute to the content of the text.

Connectives and Conjunctions: (xoHe (and), 6ipak (but), consiMeH (also) etc.)

Pronouns: (meH (I), cen (you), 613 (we) etc.)

Articles: (6y (this), con (that), op (each), 6apmsik (all), keitbip (some) etc.)

Prepositions: (ymriu (for), apkpuisl (through), neitin (until) etc.)

Adverbs: (xui (often), opkamran (always), Te3 (quickly), 6asy (slowly) etc.)

Miscellaneous: (koK (not), ap (every), Tarsl (again), ocsl (this), onna (then) etc.)

After tokenization, we remove stopwords from the token set, se identified these words above.

Before starting steaming step let's consider structure of the words in the Kazakh language
by its features. Morphology is a branch of linguistics that studies the structure of words, including
affixes and parts of speech [17]. Words can be categorized into two main types based on their
structure: simple and compound words.

Simple words are made up of a single root.

Compound words consist of at least two roots and convey a single meaning.
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According to morphology, each word consists of parts: root, suffix, and ending.

Root: The most basic, indivisible part of a word («xar»).

Suffix: An affix that creates new words or modifies the form of a word («xaTmib).

Ending: A grammatical form that connects the word it is attached to with another word,
establishing a relationship between them («xatmbiaapray).

In the Kazakh language, there are types of endings:

Plural endings: (-map/nep, -nap/nep, -tap/tep, etc.), which indicate a plural meaning for the
words they are attached to.

Possessive endings: Grammatical categories that express ownership by one of three persons
(-bIM/1M, -HBIH//I1H, -HIKI/IIK1/TiKi, etc.).

Case endings: Affixes that link words to one another, facilitating their relationship and
interaction. They include: (-HBIH/HIH, -IBIH/IIH, -THIH/TIH, -Fa/Te, -Ka/Ke, -Ha/HE, -a/e, -HBI/HI, -
IBl/ i, -THI/TI, -H, -Aa/1e, -Ta/Te, -Haa/Hae, -HaH/HeH, -AaH/neH, -TaH/TeH, -MeH, -OeH, -IIeH, -MeHEH,
-TICHEH, -OCHEeH).

Stemming is the process of reducing words to their root form (or stem) to normalize inflected
words. The stemming function maps a word to its stemmed version, representing the preprocessed
message.

At the end, the preprocessing pipeline for any message X, € X can be expressed as the
composition if above steps. The final transformation X, =stemming(tokenization(lowercase( X, ))-

stopwords), representing the preprocessed version of X, , is given by: X;

After preprocessing the text, we extracted features using the Term Frequency-Inverse
Document Frequency vectorizer. It is a statistical measure used to evaluate the importance of a
word in a document relative to a collection of documents. This technique assigns greater weight
to terms that are frequent in a document but rare across other documents, effectively reducing the
influence of common words that do not add meaningful information for classification. The formula
for calculating TF-IDF for each word ¢ in document d is shown as in formula 1.

TD — IDF(t,d) = TF (t, d) x log( ) (1)

DF(t)

where:
TF (t,d) — is the term of word # in document d;

N — is the total number of documents in the corpus;

DF(¢) —1s the document frequency, which represents the number of documents in which term
t appears.

By using TF-IDF, each document in the corpus is converted into a numerical vector that
highlights the significance of each word. This vector representation enhances the model’s ability
to differentiate between spam and non-spam messages effectively [15].

The Multinomial Naive Bayes (MNB) method was chosen for this analysis due to its
effectiveness in handling categorical data and its strong theoretical foundation in probabilistic
classification. In applications such as spam detection, this algorithm is effective when processing
discrete features, which represent word frequencies in messages. By assuming feature
independence (i.e., each word or feature contributes independently to the classification result),
MNB simplifies the calculations, making it computationally efficient while maintaining its
effectiveness in classification problems [18]. Additionally, previous studies have highlighted its
strong performance in spam detection tasks across various languages, reinforcing its applicability
to Kazakh text messages.

To detect spam, MNB calculates the probability that a given message belongs to a certain
class “spam” or “not spam” based on the occurrence and frequency of words in the text. The model

178



Ne3(38) AAA XKAPLbICHI

calculates the posterior probability P(C | X) of a class C (spam or not-spam) given a feature set X
(words). The equation is shown in formula 2.

P[] ,PXxIC)
P(X)

P(C|X)= @)

where:

P(C) — is the prior probability of the class;

P(x, | C) — is the likelihood of word x;occurring in class C;
P(X) —is the evidence.

In spam detection tasks, Multinomial Naive Bayes algorithm works effectively because
spam messages tend to use distinctive words or phrases. The algorithm learns these patterns from
the training data, making it adept at identifying new messages like spam such as “free”, “offer”,
“click here” or non-spam based on word frequencies and the calculated probabilities for each class
[19].

The dataset was divided into an 80/20 ratio for training and testing, respectively, to evaluate
the performance of the spam detection model. Subsequently, the model was evaluated on the
unseen test set to gauge its performance. Several metrics were employed for this evaluation,
including accuracy, precision, recall, and F1-score.

Results and Discussion.

The spam detection was evaluated using a dataset consisting of 200 messages, where 20%
of data is tested, 21 of which were labeled as not spam and 19 of which were labeled as spam. The
performance of the system is shown in Table 1, which presents the precision, recall, F1 score, and
support (see Table 1).

For the non-spam, the model achieved a precision of 0.9524, meaning that 95% of the
messages predicted as not spam were indeed non-spam. The recall for non-spam was 0.9524,
indicating that the model correctly identified 95% of all actual non-spam messages. The F1 score,
which combines precision and recall, was 0.9524 for non-spam. For spam, the model performed
with a precision of 0.9474, meaning that messages predicted as spam were closely correctly
classified. The recall for spam was 0.9474, showing that most of all actual spam messages were
correctly identified. The F1 score for spam was 0.9474.

The overall accuracy of the system, which reflects the percentage of correctly classified
messages, was 95%.

Table 1 - Classification Report of the program

precision recall F1-score support
non-spam 0.9524 0.9524 0.9524 21
spam 0.9474 0.9474 0.9474 19
accuracy 0.9500 40

Overall, the model demonstrated an accuracy of 95%, reflecting the percentage of correctly
classified messages. These results highlight the efficacy of the spam detection model for Kazakh
language texts based on the Multinomial Naive Bayes algorithm, showcasing high precision and
recall in both spam and non-spam categories.

The TF-IDF analysis highlight the most influential words in the dataset, with "ci3" (you)
having the highest importance. Other top-ranked words such as "typansr" (about) and "rerin"
(free) indicate a focus on informational and promotional content, which is relevant for spam
classification (see fig. 5).
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cis
Typansl
TeriH
apHaibl
neilid
oKy

Byri
femarnbic
any

bi3

0 2 4 6 8 10 12 14
TF-IDF Score

Figure 5 — Significant terms ranked by their TF-IDF scores

In comparison to existing literature, our results align closely with findings from [6] and [10],
which also reported high accuracy rates using similar algorithms. However, our model's
performance is particularly significant given the limited resources and datasets available for the
Kazakh language.

In contrast to [7] findings, which reported varying results across algorithms, our model
consistently performed with high precision and recall metrics. The comparative studies by [14],
[19] work also emphasized the efficiency of Multinomial Naive Bayes, which aligns with our
results, reinforcing the model's applicability for Kazakh language spam detection.

Despite the outstanding performance of the model, some challenges and limitations emerged
during its implementation. The complexity of preprocessing the language, given its rich
morphology and syntax, presented obstacles. Although the main preprocessing methods used for
this purpose yielded good performance, they did not fully capture the subtleties of grammatical
structures. In addition, the relatively small dataset limited the model’s ability to generalize across
contexts. This suggests the need for more comprehensive linguistic preprocessing, with
lemmatization or word embedding steps, to better capture semantic nuances. An alternative
approach could involve more advanced machine learning techniques, such as deep learning models
or transformer-based models which could enhance contextual understanding.

Furthermore, the relatively small dataset limited the model's ability to generalize across
varied contexts. This suggests the need for more comprehensive linguistic preprocessing, such as
lemmatization or word embeddings, to better capture the semantic nuances. Future research should
focus on advanced machine learning techniques. Additionally, expanding the dataset with more
diverse text sources would strengthen the model's robustness and improve its classification
accuracy in detecting spam within the Kazakh language.

Although the data preprocessing steps are well-detailed, the explanation of model selection
can be further improved by discussing its limitations and alternative approaches. One notable
limitation of MNB is its assumption of feature independence, which may not always hold in real-
world data. This assumption can sometimes lead to suboptimal performance when features are
strongly correlated. Additionally, MNB relies on sufficient training data to estimate reliable
probabilities, and it can struggle when dealing with rare features or unseen words, which can be
mitigated using Laplace or other forms of smoothing.

Alternative classification methods, such as logistic regression or support vector machines,
could also be considered. While these models do not rely on the naive independence assumption,
they may require more computational resources and hyperparameter tuning. Furthermore, deep
learning approaches, such as recurrent neural networks (RNNs) or transformers, could improve
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performance in complex text classification tasks but at the cost of increased training time and
model interpretability.

Conclusion.

Effective spam filtering is critical not only for user experience but also to protect against
potential security risks associated with malicious content. This research contributes to addressing
the existing gap in spam detection resources specifically designed for the Kazakh language, which
has been largely ignored in the field of natural language processing.

In this study, text preprocessing methods, combined with a Multinomial Naive Bayes
algorithm, provided a reliable framework for distinguishing between spam and non-spam
messages in a dataset of manually labeled texts. The model’s performance yielded an impressive
95% accuracy, demonstrating the potential for automated spam detection in Kazakh. The accuracy
rate indicates the efficacy of this method for distinguishing unwanted content in this language
context.

Despite promising results, challenges remain due to the syntaxis, morphology and complex
grammatical structures of the Kazakh language. Basic preprocessing methods did not fully capture
the intricacies of Kazakh syntax and semantics.

The theoretical novelty of this research lies in the application of MNB in the given context
and its adaptation to the specific characteristics of the dataset. The study explores how prior
distributions influence classification performance and evaluates the impact of different feature
engineering techniques on the model’s accuracy. By refining preprocessing methods and
optimizing model parameters, this research contributes to improving the applicability of Bayesian
classification in high-dimensional data scenarios. Additionally, the practical significance of this
study lies in its potential to enhance text classification methodologies, offering an efficient and
interpretable approach for categorizing textual information with probabilistic reasoning.

Future work in this domain should prioritize the integration of advanced preprocessing
techniques and sophisticated machine learning models that can better accommodate these
linguistic complexities. Potential solutions could include the use of deep learning methods, which
excel at capturing nuanced language patterns and other promising models that covered in review.
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KA3AK TUIIHAE CITAM/IbI AHBIKTAYFA APHAJIFAH MYJIbBTHHOM/IBIK
AHFAJIABIK BAUEC TAJITAYBI: MOP®OJIOT'UAJIBIK TAJIIAY MEH 3EPTTEY

Anoamna. Canovlx KOMMYHUKAYUAOAbL CNAM Xa0bapnapoviy Koberoi, acipece HcemKinikmi
CaHObIK, pecypcmapul HCoK Ka3ax mini CUsKmol minoep yYuin muimoi cnam aHblKmay dicylenepine
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OezeH Wyeblll Kadxcemminikmi kepcemeoi. bByn sepmmey Kazax mininoezi cnam xabapramanapovl
AHbIKMAY2a apHAIEaH MAWUHATLIK OKblmyea HelizoenceH 20icmi a3ipieyee 0OAbIMMANEAH, Ol
MoOenb  OHIMOINIZIH  apmmulpy YWiH 2pmMypii MamiHOepoi anidvlh ana eHoey adicmepiH
KONOAHAObL.

3epmmeyoiy Hezizei makcamol — dcacandvl manoananzan 200 yneioen mypamoin depexmep
JHCUBIHBIHOAELL CNAM JiCOHe Cnam emec Xxabapramanapowvl dicikmeyoezi Mynomunomowvix Hatie
Batiec anecopumminiy muimoinicin 6azanay. 9oicnama Oepekmepoi JHCUHAY, MIMIHOI mazapmy
JHCOHEe KANLINKA Kelmipy VWi aniOblH ania 6HOey, COHOAU-ax xabapiapovl manoayed Koaauisl
Gdopmamka mypnenoipy yuin epekuenikmepoi any Kaoamoapvii KAMmuobwl.

Homuowcenep ycvinviniean mooenvoiy 95% 0andixk  kepcemkiwiine KON JHCEMKI32eHiH
KepcemeOi, OV Kazax miiinoe2i cnam xabapiamanapovl aHbIKMayobly MuiMoiniei 30p ekeHoieiH
Oanenoetioi. Byn owcymvic kazax mindi KaybiMOacmviKKa apuativl 23ipileHeeH Cnam aHbIKmay
pecypcmapulHoazvl  6ap  OIKbLILIKMAPOblY —~ OPHLIH — MOAMbIpyea eneyli  yiec Kocaobl.
Homuoicenepdiy npakmukanvl mauwizvl 30p, cebebi onap KOoLOAHYWbliap maxcipubeci meH
CaHObIK  KOMMYHUKAYUALAPOA&bl KAYINCI30IKMi  apmmulpa Ombulpbln, Kypoeii cnam cy3sy
Jcytienepin asipneyee neeiz 6ona anaovl. Teopusiblk mypevloan an2anod, OYi JCYymblc maobueu
Minoi eHoey HcoHe MAULUHATIBIK OKbINY CANANAPbIHA Yilec KOCbln, KOA0dy mannazan miioepee
KONOany2a bonamvin aneopummoep mer 20icmepoi 00aH api 3epmmeyee HeaHe 0aMblmy2d bIKNal
emeodi. 3epmmey Kazax miniHoe2i cnam xabapiamaniapobl aHLIKMay 0dn0iciH apmmblpy YUuliH
MOMIHOI OHOEY KAOaMOAPbIH YCbIHAObL HCIHE MAUUHANBIK OKbIIY MOOENbOePIHIY Yi2inepoi mauy
Kabinemin scakcapmaobi.

Tyiiin co30ep: cnamowvt anvikmay, TF-IDF, Mynemunomowix Haiie batiec aneopummi, Kazax
Mini, cnamovl OONHCAY, MAUUHATBIK, OKBINTY.

MYJIbTUHOMMUAJIbHBIN HAUBHBIA BAMECOBCKUIN AHAJIU3 J1JI51
OBHAPYKEHUS CIIAMA HA KA3AXCKOM SI3bIKE: UCCJIEJOBAHUE C
MOP®OJIOT'MYECKUM AHAJIU30M

Annomayun. Pacmywee Konuwecmeo cnam-coooujerutl 6 yu@dposou KOMMYHUKAYUU
noouepkusaem Ocmpylo HeoOX00UMOCMb 8 IPDEeKMUBHbIX CUCMEMAX OOHAPYHCeHUs Chamd,
0COOEHHO OJIs1 A3BIKOB, HE UMEIOUUX OOCIAMOUHBIX YUPDPOBLIX PeCypCos, MAKUX KAK KA3AXCKULL.
Llenvio oannozco uccnedosanus A61semcs pazpadomrka nooxoo0da Ha 0OCHO8e MAWUHHO20 00YYEeHUs,
CNeYUuanbHO NPeOHA3HAYEeHHO20 O/ OOHAPYICEHUs CNAMA 68 KA3AaXCKUX COOOWeHUsX, ¢
UCNONIL30BAHUEM DATUYHBIX MEeMO008 U NPUEMO8 Nped8apumenbHol 00pabomku mexkcma O
NOBbLULEHUS. NPOU3BOOUMENbHOCIU MOOEITU.

OcHo6HOU Yenblo 0aHH020 UCCTIe008aHUS ABIAEMC OYeHKA dPheKkmusHocmu areopumma
MYTbMUHOMUATILHO20 HAUBHO20 OANEeCOBCKO20 AHANU3A NPU KIACCUPUKAYUU CNAM-COOOWeHUL U
He cnam-coobwenuii 8 Habope Odanmuvix, cocmoswem uz 200 6pyuHyl0 nomeyeHHvIX 00PaA3Yos.
Memoodonocuss  ekaOuaem  HECKOIbKO — OCHOBHBIX — OMAN0S,  GKIOUYAs  COOp  OAHHbIX,
npeosapumenvhyio 0opabomky OJisk O4UCKU U HOPMATUZAYUU MeKCaA U U3gledenue NPU3HaKkos
07151 npeodPaz08anUs cCOOOWeHUl 8 NOOX0OAWULL hopmam O AHAIU3A.

Pezynomamoer noxasvieatom, umo npeoyodceHHas Mooelb O0ocmuzaem neyamiaoue2o
yposHs mounocmu 8 95%, oemoHcmpupys ceoll nomeHyuan 0 3QHeKkmueHoc0 0OHAPYI’CEeHUS
cnama Ha Kazaxckom szvlke. Oma paboma 6HOCUM 3HAYUMENbHBIU 6K1A0 8 YCMpaHeHue
cywecmeyrowe2o npobena 8 pecypcax oOHApYM#CeHUus Cnamd, CneyuaibHo paspadomanHulix Ol
KA3axcKos3bluHo20 coobwecmea. I[lpakmuueckue nocieocmeusi pe3yibmamos 3HAYUMENbHb,
HOCKONILKY OHU MO2Ym UHGOpMuUposame 0 paspabomke Oonee CIOHCHbIX cucmem uibmpayuu
cnama, mem CamblM YAYYULAS NOIb306AMENbCKULL Onblm U 0e30NAcCHOCMb 6 YUPpPosbix
KommyHuxkayusx. bonee mozo, meopemuueckoe 3sHaueHue 3aKa04aemcs  ee 6kiaoe 6 obracmu
00paboOmMKU ecmecmeeHH020 A3bIKA U MAWUHHO20 00YYeHUsl, NOOWP OalbHeluue UCCIe008aHUs
U paspabomky ancopummos U Memooos, HPUMEHUMbBIX K HeOOCMAmOYHO HPeOCmAasleHHbIM
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A3vIKam. B uccneoosanuu usnazaromes wiazu no oopabomke mexkcma 0715 NOGbIULEHUS MOYHOCTU
OOHapydCeHUuss cnama 6 Ka3axcKux cOOOWeHUsX, YIy4ulas CnocoOHOCmb Mooeneli MAUHHO20
00yuenus onpeoenams 3aKOHOMEPHOCU.

Knrwoueevie cnoea: oonapysicenue cnama, TF-IDF, Mynomunomuanvuoni HausHoli
baiiecosckuii ancopumm, kasaxckuil A3viK, NPOCHO3UPOBAHUE CNAMA, MAWUHHOe 00yYeHuUe.
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