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Abstract — Automatic fake news detection has become an important applied problem in natural language processing because 

digital news and social media content spread rapidly across languages. For Kazakh, the task is especially challenging due to 

the limited availability of open labeled corpora and the weak adaptation of ready-made models to local media contexts. This 

paper evaluates classical TF-IDF-based machine learning models on a balanced Kazakh-Russian fake/real dataset of 1,808 

texts, with 452 fake and 452 real documents in each language. The experiments include bilingual training, Kazakh-only and 

Russian-only evaluation, as well as Kazakh-to-Russian and Russian-to-Kazakh transfer. Word-level and character-level TF-

IDF features are tested with Logistic Regression, Linear SVM, and Complement Naive Bayes. The monolingual and bilingual 

settings achieved Macro-F1 around 0.985. Cross-lingual evaluation revealed a clear directional asymmetry: Kazakh-to-

Russian transfer produced Macro-F1 = 0.654, whereas Russian-to-Kazakh transfer reached Macro-F1 = 0.926. The findings 

are interpreted as an explainable baseline for Kazakh-Russian fake/real classification rather than as a production-ready fact-

checking system. 

Keywords — fake news, disinformation, Kazakh language, Russian language, TF-IDF, machine learning, cross-lingual 

classification. 
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Абстракт — Қазіргі цифрлық ақпарат кеңістігінде жалған жаңалықтарды автоматты түрде тану табиғи тілді өңдеу 

мен машиналық оқытудың маңызды қолданбалы міндеттерінің біріне айналды. Қазақ тілі үшін бұл мәселе ерекше 

өзекті, себебі ашық белгіленген корпустар аз, ал дайын модельдер көбіне ағылшын немесе басқа ресурсы мол тілдерге 

бейімделген. Бұл жұмыста қазақ және орыс тілдеріндегі fake/real мәтіндерден құралған теңгерілген корпус негізінде 

TF-IDF белгілеріне сүйенетін классикалық классификаторлар бағаланды. Корпус 1808 мәтінді қамтиды: әр тілде 452 

fake және 452 real мәтін бар. Эксперименттер екітілді оқыту, қазақ тіліндегі бөлек бағалау, орыс тіліндегі бөлек 
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бағалау, қазақ тілінен орыс тіліне және орыс тілінен қазақ тіліне кросс-тілдік тасымалдау сценарийлері бойынша 

жүргізілді. Logistic Regression, Linear SVM және Complement Naive Bayes модельдері word-level және character-level 

TF-IDF белгілерімен салыстырылды. Біртілді және екітілді сценарийлерде Macro-F1 0.985 деңгейіне жетті. Кросс-

тілдік тексерісте бағытқа тәуелді айырмашылық байқалды: қазақ тілінде оқытылып, орыс тілінде тексерілген модель 

Macro-F1 = 0.654 көрсетті, ал орыс тілінде оқытылып, қазақ тілінде тексерілген модель Macro-F1 = 0.926 деңгейіне 

жетті. Нәтижелер өндірістік фактчекинг жүйесі ретінде емес, қазақ-орыс fake/real классификациясы үшін 

түсіндірілетін baseline және әрі қарайғы салыстыруларға арналған бастапқы өлшем ретінде қарастырылады. 

Кілт сөздер — жалған жаңалықтар, дезинформация, қазақ тілі, орыс тілі, TF-IDF, машиналық оқыту, кросс-тілдік 

классификация. 
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Аннотация — Автоматическое распознавание ложных новостей становится значимой прикладной задачей 

обработки естественного языка в условиях быстрого распространения цифрового контента. Для казахского языка эта 

задача осложняется нехваткой открытых размеченных корпусов и ограниченной адаптацией готовых моделей к 

локальному медиаконтексту. В статье рассматривается сбалансированный казахско-русский набор данных fake/real, 

включающий 1808 текстов: по 452 fake и 452 real текста на каждом языке. Экспериментальная схема охватывает 

билингвальное обучение, отдельные казахский и русский режимы, а также перенос с казахского на русский и с 

русского на казахский. В качестве признаков использованы word-level и character-level TF-IDF, а в качестве 

классификаторов применены Logistic Regression, Linear SVM и Complement Naive Bayes. В одноязычных и 

билингвальном сценариях Macro-F1 достигал 0,985. При кросс-языковой оценке выявлена асимметрия: перенос с 

казахского на русский дал Macro-F1 = 0,654, тогда как перенос с русского на казахский достиг Macro-F1 = 0,926. 

Полученные результаты интерпретируются как объяснимый baseline для казахско-русской классификации fake/real с 

учетом возможных source, topic и temporal bias. 

Ключевые слова — ложные новости, дезинформация, казахский язык, русский язык, TF-IDF, машинное обучение, 

кросс-языковая классификация. 

 

 

I. INTRODUCTION 

Online media and social platforms have made 

news dissemination much faster than before. While this 

gives society rapid access to information, it also creates 

conditions for the fast circulation of unverified or 

deliberately distorted texts. Such information may 

affect public trust, political and economic decisions, 

and health-related behavior. For this reason, automatic 

fake news detection has become an applied and socially 

relevant research area in natural language processing 

and machine learning. 

Most of the material studied in this area belongs to 

high-resource languages such as English: these 

languages have larger labeled corpora, fact-checking 

platforms, pretrained models and benchmark datasets. 

The situation is different for Kazakh: high-quality open 

labeled data are scarce, the morphology of the language 

is complex, and the content and presentation of local 

misinformation are not fully represented in English-



ВЕСТНИК КарИУ №_2_ (53) 2026_ г. 

IT-технологии, энергетика, автоматизация и вычислительная техника. 
     
language data. This situation is consistent with recent 

fake news detection surveys that emphasize dataset 

quality, model constraints and the shortage of 

multilingual/cross-lingual datasets [3, 12], with work 

highlighting the need for multi-level annotation in the 

Kazakh-Russian context [6], and with an early 

benchmark for Kazakh fake news detection [7]. 

The media space of Kazakhstan is characterized by 

the parallel use of Kazakh and Russian. Therefore, fake 

news detection cannot be reduced to single-language 

classification: it is necessary to ask whether a model can 

process Kazakh and Russian texts jointly and how well 

features learned in one language transfer to fake/real 

texts in another language. Such cross-lingual testing is 

important for low-resource languages because it 

evaluates the possibility of using signals from a more 

widely represented language when labeled data are 

limited. 

The main goal of this paper is to determine the 

initial capability of classical machine learning models 

for fake/real texts in Kazakh and Russian and to present 

it as an explainable baseline. The study is guided by two 

questions: what performance do TF-IDF features and 

linear classifiers provide on a bilingual Kazakh-Russian 

corpus? Are training data in one language sufficient to 

distinguish fake and real texts in the other language? 

These questions are posed not to present a ready-made 

fact-checking product, but to establish a baseline level 

that can later be fairly compared with transformer-

based models. 

The contribution of the study can be seen from 

several angles. First, a balanced experimental dataset 

was created from fake/real texts in Kazakh and Russian. 

Second, several TF-IDF-based baselines were 

compared under the same protocol in monolingual, 

bilingual and cross-lingual regimes. Third, the study 

quantitatively shows that transfer between the two 

languages is not symmetric: transfer from Russian to 

Kazakh performed better than transfer from Kazakh to 

Russian. Fourth, source bias, topic bias, temporal bias 

and near-duplicate risks are explicitly considered when 

interpreting the high metrics. 

 

II. LITERATURE REVIEW 

Automatic fake news detection is considered a 

broader problem than simple text classification. In this 

task, news content, user reactions, propagation 

networks and source credibility all play a role. Shu et 

al. [13] describe the importance of news content, user 

engagement and social context for fake news detection, 

while Zhou and Zafarani [14] systematize dimensions 

such as writing style, propagation pattern, false 

knowledge and source credibility. Later benchmark 

studies also show that model quality depends not only 

on the algorithm, but also on dataset size, label quality 

and the evaluation scenario [8]. 

Studies of misinformation diffusion increase the 

applied importance of this topic. Vosoughi, Roy and 

Aral [15] showed on Twitter data that false news may, 

in some cases, spread faster and more widely than true 

news. From this perspective, automatic detection 

systems are not merely technical experiments, but also 

practical tools related to information security and 

public trust. 

Dataset quality is a decisive factor in fake news 

detection. The LIAR dataset proposed by Wang 

enabled the evaluation of short political statements 

using multi-level truthfulness labels [16]. FEVER 

connected claim verification with evidence extraction 

[17], while FakeNewsNet supplemented news content 

with social context and spatiotemporal information 

[18]. The X-Fact benchmark for multilingual fact-

checking makes it possible to compare claim 

verification across languages [2]. These works show 

that dataset structure and annotation schema directly 

affect the interpretation of model results. 

However, there is a risk that a model may achieve 

high performance mainly through text style or source 

differences. Hamed et al. [1] note that fake news 

detection quality is affected by dataset size, label 

quality, feature representation and data fusion. Thibault 

et al. [5] show that spurious correlations and label 

quality issues in misinformation detection data can 

prevent results from generalizing. Therefore, the high 

TF-IDF scores in this paper are interpreted cautiously 

as distinguishable signals within the corpus rather than 

as direct evidence of factual verification ability. 

Evidence-based verification becomes especially 

important in multilingual settings. Dementieva and 

Panchenko [10] showed that using evidence from 

another language can improve monolingual fake news 

detection. The Multiverse study extends this idea and 

demonstrates that comparing news across languages 

can provide an additional explainable signal for fake 

news classification [11]. This direction is relevant for 

the Kazakh-Russian media space in Kazakhstan 

because the same event may be presented in the two 

languages with different styles, sources or emphases. 

To interpret evaluation results, data completeness 

and cleanliness must be considered separately. Galli et 

al. proposed a benchmark for fake news detection and 

compared the capabilities and limitations of traditional 
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machine learning and deep learning approaches [8]. 

FakeNewsNet combines several information 

dimensions [18], while Thibault et al. highlight the need 

to control label quality, dataset leakage and spurious 

correlation risks [5]. For this reason, the metrics 

obtained in this work are presented not as final 

evidence, but as baseline results that should later be 

retested using source-based, topic-based and temporal 

splits. 

In low-resource and multilingual settings, these 

issues become even more complex. Recent reviews 

identify dataset bias, model constraints, lack of 

multilingual data and cross-lingual generalization as 

major obstacles for fake news detection systems [3, 12]. 

Research on cross-lingual cross-domain transfer 

learning demonstrates the potential of transferring 

knowledge from high-resource languages to lower-

resource ones [4]. De et al. showed that multilingual 

BERT may be useful for low-resource fake news 

classification [9]. All of this requires careful design of 

corpus structure and evaluation scenarios for languages 

such as Kazakh. 

Multilingual transformer models are a natural 

comparison direction for this study. BERT expanded 

the ability to encode text through contextual 

embeddings and achieved a new level in many NLP 

tasks [19]. XLM-RoBERTa demonstrated strong 

performance in cross-lingual transfer through 

multilingual pretraining [20]. In the Kazakh-Russian 

context, Sambetbayeva et al. show the need for multi-

level annotation beyond the binary fake/real label, 

including CLAIM, SOURCE, EVIDENCE, 

DISINFORMATION_TECHNIQUE, 

AUTHOR_INTENT and TARGET_AUDIENCE [6]. 

Telman et al. compared a TF-IDF baseline, a 

translation-based cross-lingual approach and XLM-

RoBERTa for Kazakh fake news detection [7]. Based 

on this literature, the present paper does not aim to 

replace transformer models, but to clarify an 

explainable TF-IDF baseline needed for comparison 

with them. 

The literature suggests that simple and 

reproducible baseline evaluation for Kazakh-Russian 

bilingual fake/real texts remains insufficient. Although 

complex deep learning models are promising, their 

advantages can be interpreted only after data quality, 

source bias and the initial level of transfer between 

languages are established. Therefore, this work is not 

positioned against transformer models; rather, it 

provides an initial measurement that can support fair 

comparison in future studies. 

 

III. MATERIALS AND METHODS 

3.1 Dataset 

The experiments were based on a bilingual corpus 

composed of fake and real texts in Kazakh and Russian. 

Texts collected from open sources were preprocessed, 

and duplicate records were removed. After 

deduplication, the full dataset contained 2,740 records: 

452 fake and 518 real texts in Kazakh, and 895 fake and 

875 real texts in Russian. The sources included fact-

checking resources, materials documenting 

misinformation and mainstream news portals. Although 

the internal table preserved the source_file field, it was 

not provided to the model as a feature. 

To prevent language or class imbalance from 

having an excessive effect on evaluation, a balanced 

subset was created: 452 texts were selected for each 

language-class combination. Thus, the experimental 

corpus contained 1,808 texts. This balance facilitates 

model comparison, but it does not reflect the actual 

prevalence of real and fake texts in the natural 

information flow. Therefore, the results describe 

classification quality under a controlled laboratory 

scenario rather than prevalence in the real media 

environment. 

Table 1 - Balanced dataset composition by 

language and class 

Language Fake 

texts 

Real 

texts 

Total 

Kazakh 452 452 904 

Russian 452 452 904 

Total 904 904 1808 

 

The Fake class included texts from sources related 

to fact-checking or misinformation documentation, 

such as factcheck_kz_zhalgan, 

gov_factcheck_fake_claims, 

nofake_new_wp_fake_kk_ru and 

provereno_media_fake_ru. The Real class was formed 

from mainstream news sources such as Egemen, 

Kazinform, Informburo, Tengrinews, Zakon and user-

provided Kazakh news. Here, the real label does not 

mean that each text underwent independent fact-

checking; it only indicates that the text was taken from 

a trusted news source. Therefore, the result is 

interpreted as a baseline for textual fake/real 

discrimination rather than as detection of absolute 

factual truth. 

The model input was created by combining the 

title, claim and main body fields. ID, source_file, URL, 

date and other metadata were not passed to the 
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classifier. Empty texts, records with incorrect language 

values and records with invalid labels were excluded 

from the experiments. This decision reduces the risk 

that the model directly memorizes source names, but it 

does not completely eliminate indirect source signals 

that may remain through style, topic and text structure. 

Deduplication was performed using textual fields 

based on the title, claim and main text. Exact duplicate 

records were removed, and groups with conflicting 

labels were marked as unsuitable for inclusion in the 

experiment. This reduces the risk of train/test leakage. 

Nevertheless, lightly edited or paraphrased texts about 

the same event cannot be assumed to have been fully 

removed; therefore, without external testing, the results 

cannot be generalized to the entire information space. 

To interpret the nature of the labels, the fake and 

real classes were considered separately. Fake texts are 

often associated with refutation or fact-checking-style 

materials, where structures such as denial, explanation 

and source rejection may occur frequently. Real texts 

are more likely to contain editorial news language, 

official information style and portal-specific 

formatting. This difference provides useful signals for 

the classifier, but it also increases the risk that the model 

learns genre and source-specific features rather than 

factual truth. 

3.2 Experimental Scenarios 

The models were evaluated under the following 

five scenarios. 

 

Table 2 - Description of experimental scenarios 

Scenario Description 

bilingual Joint training and testing 

on Kazakh and Russian 

texts 

kk_only Training and testing only 

on Kazakh texts 

ru_only Training and testing only 

on Russian texts 

 

cross_kk_to_ru Training on the Kazakh 

train split and testing on 

all Russian texts 

cross_ru_to_kk Training on the Russian 

train split and testing on 

all Kazakh texts 

 

In the bilingual regime, the train, validation and 

test split was stratified by language and label; in 

kk_only and ru_only, stratification was performed by 

label. The train, validation and test proportions were 

approximately 70%, 15% and 15%. In cross-lingual 

regimes, the model was trained on the train portion of 

one language and tested on all 904 texts of the other 

language. Random seed = 42 was used in all scenarios. 

The data were first cleaned and balanced and only then 

split; the validation split was kept to preserve the 

experimental protocol rather than to conduct extensive 

hyperparameter search. 

3.3 Features and Models 

TF-IDF representation was used to map text into a 

vector space. Two feature types were tested: word-level 

n-grams and character-level n-grams. In the word-level 

setting, unigram and bigram features were used; in the 

character-level setting, character n-grams of length 3-5 

were applied. Character n-grams may help capture 

word inflection, suffixes, short recurring patterns and 

orthographic similarities in Kazakh and Russian texts. 

Five baseline models were considered for 

comparison: 

 

Table 3 - Compared TF-IDF baseline models 

Model name Feature 

type 

Classifier 

word_tfidf_logreg Word TF-

IDF, 1-2 n-

grams 

Logistic 

Regression 

char_tfidf_logreg Character 

TF-IDF, 3-

5 n-grams 

Logistic 

Regression 

word_tfidf_svm Word TF-

IDF, 1-2 n-

grams 

Linear SVM 

char_tfidf_svm Character 

TF-IDF, 3-

5 n-grams 

Linear SVM 

word_tfidf_cnb Word TF-

IDF, 1-2 n-

grams 

Complement 

Naive Bayes 

 

For Logistic Regression and Linear SVM, the class 

weight balanced parameter was selected. The word-

level TF-IDF space was limited to 100,000 features, 

while the character-level TF-IDF space was limited to 

120,000 features. The minimum frequency was set to 

min_df = 2, and sublinear_tf was used for Logistic 

Regression and Linear SVM. The experiments were 

conducted using scikit-learn. Because the vectorizer 

and classifier were trained inside a single Pipeline, both 

the vocabulary and TF-IDF weights were formed only 
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on the train split; test texts did not participate in the 

training stage. 

TF-IDF was deliberately selected as a baseline. Its 

advantages are computational simplicity, relative 

interpretability and its ability to provide an initial 

measurement for low-resource languages. However, 

this method does not map Kazakh and Russian words 

into a shared semantic space. Therefore, cross-lingual 

results may be shaped by shared topics, stylistic 

patterns, symbolic elements or class-specific word 

usage rather than semantic understanding. This 

condition was treated as a key interpretive limitation of 

the results. 

3.4 Evaluation Metrics 

Model quality was measured using Accuracy, 

Precision, Recall and F1-score. Macro-F1 was selected 

as the main comparison metric because it combines the 

F1 values of the fake and real classes with equal weight. 

This is especially important in cross-lingual regimes: a 

model may become biased toward one class and 

perform poorly on the other, while Accuracy may hide 

such imbalance. Confusion matrix results were 

additionally provided to explain the direction in which 

errors accumulated. 

3.5 Reproducibility and Bias Control 

To ensure reproducibility, data splitting and the 

stochastic components of the models were fixed with 

seed = 42. All models were compared under the same 

scenarios and using the same textual fields. This helps 

assess differences between models fairly, but it does not 

fully neutralize topic and source differences inside the 

corpus. 

When analyzing the results, three potential sources 

of bias were considered. Source bias may arise because 

fake and real texts come from different types of 

websites. Topic bias becomes stronger when the topic 

distributions of the two classes differ. Temporal bias 

may lead to overestimation of future generalization 

when train and test texts are close in time. For this 

reason, the high metrics were interpreted as controlled 

baseline results rather than as production-level 

accuracy. 

 

IV. RESULTS 

The aggregated experimental results are shown in 

Table 4. The highest quality was observed in 

monolingual and bilingual regimes. In the bilingual 

scenario, word_tfidf_svm and char_tfidf_svm 

produced the same result: Accuracy = 0.9853 and 

Macro-F1 = 0.9853. In the Kazakh-only evaluation, 

word_tfidf_logreg and word_tfidf_svm reached 

Macro-F1 = 0.9853. In the Russian-only scenario, the 

best result was obtained by word_tfidf_svm. 

Table 4 - Best results by experimental scenario 

Scenario Best model Accura

cy 
Macr

o-F1 
bilingual word_tfidf_svm 0.9853 0.985

3 
kk_only word_tfidf_logr

eg 
0.9853 0.985

3 
ru_only word_tfidf_svm 0.9853 0.985

3 
cross_kk_to_

ru 
word_tfidf_cnb 0.6869 0.654

0 
cross_ru_to_

kk 
word_tfidf_cnb 0.9259 0.925

7 
 

 
Figure 1 - Macro-F1 scores by experimental 

scenario 

  

 
Figure 2 - Accuracy scores by experimental 

scenario 

  

                              

   

   

   

   

   

   
     

     
          

     

         

                         

           

     
          

     
     

            

     
     

     

     
     

        

     
     

     

     

     

        

      

                

                 

                 

                

                 

        

 
 
 
  
 
  

                              

   

   

   

   

   

   
     

     
          

     

         

                         

           

     
          

     
     

            

          

     

          

        

     
     

     

     

     

        

      

                

                 

                 

                

                 

        

 
 
 
 
  
 
 



ВЕСТНИК КарИУ №_2_ (53) 2026_ г. 

IT-технологии, энергетика, автоматизация и вычислительная техника. 
     

 
Figure 3 - Macro-F1 scores of the best models in each 

scenario 

  

 
Figure 4 - F1 scores for fake and real classes in the 

best models 

  

In the bilingual regime, the best model correctly 

classified 268 out of 272 test texts. In the Fake class, 

134 texts were detected correctly and 2 texts were 

labeled as real; in the Real class, 134 texts were also 

detected correctly and 2 texts were misclassified as 

fake. The equal distribution of errors across the two 

classes does not indicate a clear bias toward one class. 

 

 
Figure 5 - Confusion matrix of the best model in the 

bilingual scenario 

In the Kazakh-only scenario, 134 of 136 test texts 

were classified correctly. In this regime, all fake texts 

were detected, while 2 real texts were labeled as fake. 

In the Russian-only evaluation, 134 of 136 texts were 

also detected correctly, but the error direction was 

different: all real texts were preserved, while 2 fake 

texts were recognized as real. 

In cross-lingual regimes, the result clearly 

depended on direction. In the cross_kk_to_ru scenario, 

where the model was trained on the Kazakh train split 

and tested on Russian texts, the best result was obtained 

by word_tfidf_cnb: Accuracy = 0.6869, Macro-F1 = 

0.6540. The confusion matrix showed that this model 

captured fake Russian texts better, but often labeled real 

Russian texts as fake: 450 of 452 fake texts were 

detected correctly, while 281 of 452 real texts were 

incorrectly assigned to the fake class. 

 

 
Figure 6 - Confusion matrix of the model trained on 

Kazakh and tested on Russian 

 

In contrast, the cross_ru_to_kk scenario, where the 

model was trained on the Russian train split and tested 

on Kazakh texts, produced a much more stable result. 

In this regime, word_tfidf_cnb was also the best model: 

Accuracy = 0.9259 and Macro-F1 = 0.9257. Of the 904 

test texts, 837 were classified correctly; 399 of 452 fake 

Kazakh texts and 438 of 452 real Kazakh texts were 

correctly detected. 
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Figure 7 - Confusion matrix of the model trained on 

Russian and tested on Kazakh 

 

4.1 Error Analysis 

The confusion matrices show more clearly in 

which class the model weaknesses are concentrated. In 

monolingual and bilingual regimes, errors were few and 

were distributed almost evenly between the two classes. 

In the cross_kk_to_ru scenario, the main problem was 

the transfer of real Russian texts into the fake class: 281 

of 452 real texts were labeled as fake. This suggests that 

fake signals learned from the Kazakh train set may 

overlap with some stylistic or topical patterns in real 

Russian news. 

In the cross_ru_to_kk regime, the error structure 

was more balanced: 399 of 452 fake texts and 438 of 

452 real texts were recognized correctly. This result 

suggests a working hypothesis that the Russian train set 

may have covered the general fake/real distinctions 

present in the Kazakh test texts more broadly. However, 

this conclusion should not be treated as final; it should 

be further checked using source-based splitting, topic-

controlled splitting and manual error analysis. 

  

V. DISCUSSION 

The results show that classical TF-IDF-based 

models are not weak for fake/real classification; on the 

contrary, they can provide a strong baseline. The 

Macro-F1 level of 0.985 in monolingual and bilingual 

scenarios suggests that class-specific lexical signals are 

clearly present in Kazakh and Russian texts. These 

signals may arise from topic selection, text style, source 

format, claim structure or wording typical of fact-

checking materials. Therefore, high performance does 

not prove that the model deeply understands factual 

truth; it shows that distinguishable textual features are 

strong within this corpus. 

The high quality of the bilingual scenario indicates 

that Kazakh and Russian texts can be used together in a 

single classification space. Since Kazakhstan's 

information environment is bilingual, this result has 

practical relevance. However, TF-IDF does not 

understand meaning contextually; it relies on the 

distribution of words and n-grams. Therefore, this 

result should be interpreted cautiously as evidence that 

the given data contain sufficient shared lexical and 

stylistic features, rather than as proof that the semantics 

of both languages were fully captured. 

The most interesting result is related to asymmetry 

in cross-lingual transfer. A model trained on Kazakh 

performed weaker on Russian texts, whereas a model 

trained on Russian achieved higher quality on Kazakh 

texts. Several explanations are possible. The Russian 

train set may be broader in terms of topic and style; the 

source structure of the Kazakh data may not fully match 

the Russian test set; Complement Naive Bayes may, in 

some cases, transfer lexical likelihood differences more 

stably in cross-lingual regimes. These explanations are 

not established causes, but working hypotheses to be 

tested through future ablation and source/topic analysis. 

This asymmetry should not be overinterpreted. 

TF-IDF does not create a shared semantic space for 

Kazakh and Russian: the model does not know 

translation equivalents of words and relies only on 

symbolic, stylistic or topical similarities appearing in 

train and test texts. Therefore, the high result in the 

cross_ru_to_kk regime is interpreted not as full 

semantic transfer, but as a combination of shared 

signals in the dataset and statistical adaptation of the 

classifier. 

The practical conclusion can be made at two 

levels. First, for fake/real classification in Kazakh and 

Russian, a TF-IDF baseline should be retained as a 

necessary comparison point because it is fast, simple 

and interpretable. Second, multilingual transformer 

models such as multilingual BERT or XLM-RoBERTa 

should be additionally evaluated to test genuine 

semantic generalization across languages. Such models 

can capture semantic proximity between languages 

through contextual embeddings better than TF-IDF. 

 

VI. LIMITATIONS AND THREATS TO 

VALIDITY 

The limitations of the study must be considered 

when interpreting the results. First, the Real class was 

formed not from independently fact-checked texts, but 

from materials taken from mainstream news portals. As 

a result, the model may learn differences in source and 

text style rather than truth and falsity themselves. 

Second, although the corpus is balanced, its size is 
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limited: each language-class combination contains only 

452 texts, which may be insufficient to cover topical 

diversity. Third, structural differences between fact-

checking websites and news portals may affect 

classification quality. 

Fourth, this paper relies only on classical TF-IDF-

based models. This is appropriate for the baseline 

purpose, but direct comparison with multilingual 

transformer models should still be carried out 

separately. Fifth, temporal splitting and source-based 

splitting were not tested separately; if train and test data 

come from similar time periods or similar source 

structures, performance on future texts may decrease. 

Sixth, although exact duplicates were removed, near-

duplicates or event-level overlap related to the same 

event cannot be considered fully eliminated. Seventh, 

feature weights, important n-grams and SHAP-level 

explainability analysis were not conducted separately in 

this version. 

Despite these limitations, the work provides a 

useful initial experimental basis for fake/real 

classification in Kazakh and Russian. Its scientific 

value lies not in offering a ready-made production 

detector, but in showing what level an explainable 

baseline can reach, what asymmetry appears in cross-

lingual directions, and where future research should 

begin. The results can serve as a basis for expanding the 

dataset, adding multi-level annotation and comparing 

with transformer-based models. 

 

VII. CONCLUSION 

This paper evaluated machine learning models 

based on TF-IDF features for detecting fake/real texts 

in Kazakh and Russian under five experimental 

scenarios. The balanced bilingual corpus contained 

1,808 texts and preserved equal proportions by 

language and class. Logistic Regression, Linear SVM 

and Complement Naive Bayes were compared under 

the same evaluation protocol; the obtained results were 

interpreted as an explainable baseline. 

In monolingual and bilingual regimes, the models 

showed high quality: in the bilingual, kk_only and 

ru_only scenarios, Macro-F1 was approximately 0.985. 

This demonstrates that TF-IDF-based linear models can 

serve as a strong baseline for Kazakh-Russian fake 

news detection. At the same time, such high 

performance does not mean that factual verification is 

fully solved, because the model may rely on text style, 

topic and source signals. Cross-lingual evaluation 

revealed a directional difference: Kazakh-to-Russian 

transfer yielded Macro-F1 = 0.654, whereas Russian-

to-Kazakh transfer yielded Macro-F1 = 0.926. 

Future work should expand the corpus, apply 

source-based splitting, use temporal splitting and 

strengthen control over near-duplicate and event-level 

overlap. It is also important to compare multilingual 

transformer models such as XLM-RoBERTa and 

multilingual BERT with this baseline under the same 

protocol. Extending the binary fake/real label with 

multi-level annotation such as disinformation 

technique, author intent, target audience and evidence 

would also increase the applied and explanatory value 

of the research.
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