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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.
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Abcmpaxkm — Kazipri mudpriblK aknapaT KeHICTITIHIE JKaIFaH XKaHAJIBIKTapIbl aBTOMATTHI TypJe TaHy TaOuFd TUIII OHICY
MEH MaIlIMHANBIK OKBITYIBIH MaHBI3/IbI KOJIIaHOABl MiHAETTEpiHIH OipiHe aitHanmpl. Kazak Timi ymiH Oy Mocere epeKxiie
©3€KTi, ce0e0i albIK OeTiIeHT eH KOpITycTap a3, ajl JaibIH MoeNbep kKoOiHe aFbIIIIBIH HeMece 0acKa pecypchl MOJ Tiiiepre
OeriimaenreH. by skyMmbIcTa Ka3ak skoHe opbIc Tinaepingeri fake/real MoTiHAepaeH KypaiFaH TEHI€pUITeH KOPITyC HEeTi31He
TF-IDF 6enrinepine cylieHeTiH KiTacCHKaNbIK Kiaccudukaropiap 6aramanasl. Kopmyc 1808 MoTiHai KaMTHIBL: op Tinge 452
fake >xone 452 real MoTiH Oap. DKCIIEpUMEHTTEpP EKITUIAI OKBITY, Ka3ak TUIiHIeri Oesiek Oarainay, opbIic TUTiHIETi Oenek
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Oararnay, Ka3ak TUIIHEH OpbIC TUIIHE KoHE OpBIC TUIIHEH Ka3ak TiTiHEe KPOCC-TUIIIK TachIMajay ClieHapHuiiepi OOHbIHIIA
xyprizingi. Logistic Regression, Linear SVM sxoane Complement Naive Bayes monenbaepi word-level sxone character-level
TF-IDF 6enrinepiMen cambsIcTHIPBUIABL. bipTinmi sxoHe ekitinmi cueHapuiinepae Macro-F1 0.985 nenreiiine »xerti. Kpocc-
TUIIIK TEKCepicTe OaFpITKa TOYeIi albIpMAIIBIIBIK, OaWKaIIBl: Ka3aK TLUTIHAE OKBITBUTBII, OPBIC TUTIHIE TEKCEPIITeH MOIENb
Macro-F1 = 0.654 kepceTTi, ai opbIC TUTIHAE OKBITBLUIBII, Ka3aK TUTiHAE TeKkcepinreH moaens Macro-F1 = 0.926 menretiine
xerTi. HoTwkenep emHmipicTik (akTueKwHT jKyHeci periHme emec, Kaszak-opwic fake/real kimaccmbukammsacer yrmia
tyciuaipinerin baseline sxone opi KapaiFs! CABICTRIPYIApFa apHAIFaH 6aCTAIKBI OJIIIEM PETIH/IE KAPacTHIPBIIAIBL.

Kinm ce30ep — xanraH KaHaJIBIKTap, Ae3uHpopMaIns, Ka3ak Tifi, opsic Tii, TF-IDF, MamuHambsiK OKBITY, KpOCC-TUTIIK
KJIacCU(UKAIHSL.
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Annomayus — ABTOMATHYECKOE DPACIIO3HABAHME JIOKHBIX HOBOCTEH CTAHOBHUTCS 3HAUMMOW NPHUKIATHON 3amaueit
00pabOTKM €CTECTBEHHOTO S3bIKa B YCIOBHSX OBICTPOTO pacipocTpaHeHust IU(POBOro KOHTEHTA. J[11s Ka3axcKoro s3bIka 3Ta
3ajja4a OCJIOKHSETCSl HEXBAaTKOM OTKPBHITHIX Pa3MEYEHHBIX KOPIYCOB M OIpaHMYEHHOI ajanTaiuedl rOTOBBIX MOAEIeH K
JIOKaJIbHOMY MEJIMaKOHTEKCTy. B cTaThe paccMaTpuBaercs cOanaHCHpOBaHHBIN Ka3axcKo-pycckuid Habop naHHbIX fake/real,
Britouaromuii 1808 texcros: mo 452 fake m 452 real Tekcra Ha KaXAOM s3bIKe. JKCIEPUMEHTANbHAs CXeMa OXBaThIBaeT
OuMHTBanbHOE O00yYeHHE, OTICIbHBIC Ka3aXCKUH M PYCCKHH PEXHMBI, a TakXkKe MepeHOC C Ka3aXCKOro Ha PYCCKHH H ¢
PYCCKOrO Ha Ka3axCkuif. B kauecTBe mpusHakoB ucmoib3oBaHbl word-level u character-level TF-IDF, a B kauectBe
knaccudukatopoB npumenensl Logistic Regression, Linear SVM u Complement Naive Bayes. B 0gHOS3BIMHBIX U
OmmmHTBaNBEHOM crieHapusx Macro-F1 mocturan 0,985. TIpu Kpocc-s3bIKOBOI OIIEHKE BBISBIICHA ACHMMETpPHS: MIEPEHOC C
Ka3axckoro Ha pycckuii qan Macro-F1 = 0,654, Torna kak mepeHoc ¢ pycckoro Ha kasaxckuil moctur Macro-F1 = 0,926.
[Mony4eHHbIe pe3yIbTaThl UHTEPIPETHPYIOTCS Kak 00BICHUMBIHN baseline [uis ka3axcko-pycckoi kinaccudukarmu fake/real ¢
y4eTOM BO3MOXKHBIX source, topic u temporal bias.

Knrouesvie cnosa — noxxHbie HOBOCTH, ae3uH(pOpMaIns, Ka3aXCKUi s3bIK, pyccKuil si3biK, TF-IDF, MammbHoe 00y4eHue,
KpOCC-s3bIKOBast KJIaccH(puKarys.

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-
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language data. This situation is consistent with recent
fake news detection surveys that emphasize dataset
guality, 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
guantitatively 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.

Il. 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.

I1l. 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 Real Total
texts texts

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

Training on the Russian
train split and testing on

all Kazakh texts

cross_ru_to_kk

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 Classifier
type

word_tfidf logreg ~ Word TF- Logistic
IDF, 1-2 n-  Regression
grams

char_tfidf_logreg Character Logistic
TF-IDF, 3- Regression
5 n-grams

word_tfidf_svm Word TF- Linear SVM
IDF, 1-2 n-
grams

char_tfidf_svm Character Linear SVM
TF-IDF, 3-
5 n-grams

word_tfidf cnb Word TF- Complement
IDF, 1-2 n- Naive Bayes
grams

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  Macr

cy o-F1

bilingual word_tfidf svm  0.9853 | 0.985
3

kk_only word_tfidf_logr 0.9853  0.985
eg 3

ru_only word_tfidf svm  0.9853 | 0.985
3

cross _kk to word tfidf cnb  0.6869 @ 0.654
ru 0

cross_ru_to_ word_tfidf cnb  0.9259 | 0.925
kk 7

Macro-F1 by Scenario and Model

Figure 1 - Macro-F1 scores by experimental
scenario

Accuracy by Scenario and Model
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Figure 2 - Accuracy scores by experimental
scenario
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Figure 3 - Macro-F1 scores of the best models in each
scenario

Fake F1 vs Real F1 for Best Model per Scenario
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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.

Bilingual

Word TF-IDF + SVM

fake Predicted label rgq|

fake

True label

real

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.

KK -> RU
Word TF-IDF + CNB

fake Predicted label req|

fake

True label

real

17

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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