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Abstract. Relevance: The rapid spread of unverified information in digital
media and social networks makes automatic fake news detection an important
task for natural language processing and machine learning. For Kazakh, this task
is particularly relevant because open labeled corpora are limited and ready-made
models are not sufficiently adapted to local media discourse. Purpose: The study
evaluates TF-IDF-based machine learning models for fake/real text classification in
Kazakh and Russian and forms an interpretable baseline for later comparison with
transformer-based approaches. Methods: The experiments used a balanced Kazakh-
Russian corpus of 1,808 texts, with 452 fake and 452 real texts in each language.
Logistic Regression, Linear SVM and Complement Naive Bayes were tested with
word-level and character-level TF-IDF features in bilingual, monolingual and
cross-lingual scenarios. Model quality was assessed using accuracy, precision,
recall, Fl1-score and confusion matrices. Results: In bilingual, Kazakh-only and
Russian-only settings, the best models achieved Macro-F1 of approximately 0.985.
Cross-lingual evaluation showed clear directional asymmetry: Kazakh-to-Russian
transfer reached Macro-F1 = 0.654, whereas Russian-to-Kazakh transfer reached
Macro-F1 = 0.926. Practical significance: The results provide a reproducible and
explainable benchmark for Kazakh-Russian fake news detection. They also define
a basis for future comparison with multilingual BERT and XLM-RoBERTa under
stricter source-based and temporal evaluation settings.
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AnHoTammus. O3zexrinmiri: [udpnpik Meana MeH oNeyMETTIK JKemiepae
TEKCEPUIMEreH  aKNmapaTThlH OKbUIAAM  Tapallybl JKajFaH  KaHAJIBIKTaP/IbI
ABTOMATTBI TYpPJC AHBIKTAyJbl TAOWFH TUII OHIEY MEH MAIWHAIBIK OKBITYbIH
MaHbI3JIBI KONAaHOAIBl MiHJCTIHEe aiHamabIpasl. Kazak Timi ymrie Oyn mocerne
epeKIlle ©3eKTi, ce0eOi allblK OCNTIICHIeH KOpPITycTap a3, ajl JalblH MOJCIbICD
YKEPTUTIKTI MEIUAMOTIHACPIIH TUTMIK KOHE TAKBIPBITTHIK PEKIIETIKTEPIHE TONBIK
OetiimaenMereH. MakcaTel: 3epTTey/IiH MaKCcaThl - Ka3ak yKoHe OpBIC TiJIepiHaeri
fake/real motingepai xikrey ymin TF-IDF Genrinepine HeriznenreH MallMHAIBIK
OKBITY MOJAETBICPIH Oaranay >KOHE KEHIHTI TpaHCGHOPMEpIiK MOAETbICPMEH
CaJIBICTBIpYFa apHajJFaH TYCiHAipineTiH baseline KanslnTacTelpy. ©OmnicTepi:
OkcniepumenTTe 1808 MOTIHHEH TypaThlH TEHIEPUITCH Ka3aK-OpbIC KOPITYCHI
KOJTaHbUIABL: op Timme 452 fake »xome 452 real moriH KaMThuimel. Logistic
Regression, Linear SVM sxone Complement Naive Bayes mozensnaepi word-level
xoHe character-level TF-IDF GenrinepimMen ekitinmi, OipTial ®oHE KPOCC-TUIK
CIIeHapHilyiepae caibICTRIPpBUINEI. baramay accuracy, precision, recall, Fl-score
xoHe confusion matrix KepceTKimTepi apKbUIbl Kyprizingi. Herisri HoTmxkemnep:
Exitinmi, ka3akiia »oHE oOpbIciia OejieK Oarajiay PEeKUMACPIHAC €H IKaKCh
Monmenpaep mamamMeH Macro-F1 = 0.985 motmkecin kepcerti. Kpocc-timmik
Oaramay OarbITKa TOYEI/Ii Al bIPMAaITBUIBIKTHI aHBIKTAIbI: Ka3aK TUTIHEH OpPBIC TUTIHE
TackiMaiayna Macro-F1 = 0.654, an opbIc TiUTIHEH Ka3akK TUIIHE TackIMalijiaynia
Macro-F1 = 0.926 Oonmel. IlpakTukanslk MaHBIRB: HoTmkenep Kas3ak-OpbIC
MEJIMaKCHICTITIH/IC JKAJIFaH YKaHAJIBIKTap/bl aHBIKTAyFa apHAJFaH KalTalaHAThIH
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opi TyciHamipineTiH Oacrtamkel emmeMm Oepemi skoHe multilingual BERT men
XLM-RoBERTa wmozenbaepiMeH KeHiHTi canbICTBhIpyJaapra Heri3 Oomanel. by
enieM OoJjaliak dKCIePUMEHTTEP/IIH CaMachliH CANbICTRIPMAJbl Type Oaranayra
MYMKIHIIK Oepe/ti.
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AHHOTAUMSA. AKmyanvHocms. BBICTpOE pacnpoCTpaHEHUE HENPOBEPEHHOU
nHpOpPMAMK B HU(PPOBBIX MeIUa U COUMAIBHBIX CETSIX JETaeT aBTOMaTHIECKOe
BBISIBJICHHE JIOKHBIX HOBOCTEH 3HAYMMOM 3amaueii oOpabOTKM €cTEeCTBEHHOTO
SI3bIKA M MAITUHHOTO 00y4eHust. {J1s Ka3axcKoro si3blka JaHHast mpolieMa 0COOCHHO
aKTyaJbHa, MOCKOJIBKY OTKPBITBIX Pa3MEUEHHBIX KOPITYCOB HEMHOI'O, @ TOTOBBIC
MOJICTI HEIOCTATOYHO aJaNTHPOBaHbl K JIOKAJbHOMY MEAMAAMCKYypcCy. [lend.
Onennth MOzIeH MamMHHOTO 00ydeHust Ha ocHoBe TF-IDF mis xmaccudukanum
fake/real TekcToB Ha Ka3aXCKOM W PYCCKOM S3bIKaX, a TaKXke CPOPMHPOBATH
oO0bsicHUMBIH baseline I TIOCTEMyrOIIero CpaBHEHUs C TpaHC()OpPMEpPHBIMU
MoAensIMH. Memoovl. B 3KCIEpUMEHTE HCIIONb30BaH COaTaHCUPOBAHHBIN
Ka3axcko-pycckuii kopmyc u3 1808 TexctoB: mo 452 fake m 452 real tekcra
Ha KaxaoMm s3bike. Monenu Logistic Regression, Linear SVM u Complement
Naive Bayes cpaBauBamuch ¢ word-level u character-level TF-IDF-ipu3nakamu
B OWIMHTBaJIbHOM, OJHOSI3BIYHBIX M KpPOCC-S3BIKOBBIX clieHapusx. KauecTBo
KJIACCH(UKAIIMK OICHUBAJIOCH TI0 IOKa3aTelsiM accuracy, precision, recall, F1-
score 1 confusion matrix, 4TO MO3BOJIMIIO YUECTh HE TOJBKO OOLINH pe3ysbraT, HO
W HampaBJICHUE OUIMOOK. Pe3yibmamol u 661600b1. B OMIMHIBaIBHOM, Ka3aXCKOM
U PYCCKOM DEXHMMax JydllMe MOJENIN JIocTUIIM 3HadeHus: Macro-F1 okoio
0,985. Kpocc-s3b1Kk0Basi OIleHKa BEISBIJIA aCHMMETPHIO MEpeHoca: oO0ydeHue Ha
Ka3aXCKOM SI3bIKE€ M TECTHUpOBaHUE Ha pycckoM naio Macro-F1 = 0,654, torma
Kak OOydeHHE Ha PYCCKOM S3bIKE M TECTHPOBAaHHE Ha Ka3aXCKOM JOCTHIVIO
Macro-F1 = 0,926. Ilony4eHnHsie pe3yasraTsl (OPMUPYIOT BOCIPOU3BOIUMBIN U

288



ISSN 1991-346X 2.2026

HWHTEPIPETUPYEMbI OPUCHTHUP JJIs1 BBISBICHUS JIOXKHBIX HOBOCTEH B Ka3axCKO-
PYCCKOM MEIUANPOCTPAHCTBE U CO3A0T OCHOBY JIJIS JIAJIbHEUIIIETO CPABHEHUS C
multilingual BERT u XLM-RoBERTa. [Ipakrudeckasi 3Ha4uMOCTb UCCIICIOBAHUS
3aKJII0YAE€TCS B BO3MOXKHOCTH HCIIOJB30BAHMS TPEMIOKEHHOTO IOAXO0Aa Kak
0a30BOIl MOJIEH I MOHUTOPUHTA JIC3UH(POPMALINH, aHAJIM3a MEIUAKOHTCHTA U
Pa3paboOTKH HHTEIUICKTYaTbHBIX HHCTPYMEHTOB MTPOBEPKHU JOCTOBEPHOCTH TEKCTOB
Ha Ka3aXCKOM U PYCCKOM sI3bIKaX.

KaroueBbie ciioBa: JIOKHBICE HOBOCTH, Je3WH(pOpMAINus, Ka3aXCKHUH S3bIK,
pycckuit 361k, TF-IDF, MamuaHOE 00ydeHME, KPOCC-I3bIKOBas KilacCu(UKAIIHS,
fake news, Macro-F1

Introduction. Online media and social platforms have made the movement of
news almost immediate. This speed improves access to information, yet it also
helps unverified, distorted or intentionally misleading texts circulate widely. Such
content may influence public trust, political and economic choices, and health-
related decisions. For that reason, automatic fake news detection is now an applied
research task with direct relevance for natural language processing, machine
learning and information security. Existing studies mainly address high-resource
languages, especially English, where labeled corpora, fact-checking platforms,
pretrained models and benchmark datasets are more accessible. Kazakh differs from
this setting. Open labeled data are limited, the language has rich morphology, and
local misinformation practices are not fully reflected in English-language resources.
This gap is consistent with reviews that discuss dataset quality, model limitations
and the lack of multilingual and cross-lingual datasets (Harris et al., 2024: 222;
Alghamdi et al., 2026: 353), with work on multi-level Kazakh-Russian annotation
(Sambetbayeva et al., 2025: 215), and with an early benchmark for Kazakh fake
news detection (Telman et al., 2026: 708).

Kazakhstan's information environment is bilingual: Kazakh and Russian are
used side by side in news production and consumption. Therefore, fake news
detection should not be treated only as a single-language task. It is important to
test whether one model can handle both languages in a shared setting and whether
signals learned from one language remain useful for fake/real classification in the
other. For low-resource languages, such testing is especially valuable because
it shows how far a better represented language can support classification when
labeled data are scarce.

The purpose of this paper is to estimate the initial capacity of classical machine
learning models for Kazakh-Russian fake/real classification and to report the result
as an explainable baseline. Two research questions guide the study: how effective
are TF-IDF features with linear classifiers on a bilingual Kazakh-Russian corpus,
and can a model trained in one language distinguish fake and real texts in another
language? The aim is not to present a completed fact-checking product, but to
define a transparent reference point for later comparison with transformer-based
approaches.
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The contribution of the study is fourfold. It uses a balanced experimental dataset
containing fake and real texts in Kazakh and Russian. It compares several TF-
IDF baselines under the same protocol in monolingual, bilingual and cross-lingual
regimes. It also shows that transfer between the two languages is directional:
Russian-to-Kazakh transfer performs better than Kazakh-to-Russian transfer.
Finally, the interpretation of results explicitly takes into account source bias, topic
bias, temporal bias and near-duplicate risks.

Literature review. Automatic fake news detection is not limited to a standard
text classification problem. News content, user reactions, propagation networks and
source credibility may all affect the decision boundary. Shu et al. (2017: 22) draw
attention to news content, user engagement and social context, while Zhou and
Zafarani (2020: 109) describe fake news signals through writing style, propagation
patterns, false knowledge and source credibility. Benchmark research also shows
that model performance depends on the dataset, label quality and evaluation
scenario, not only on the selected algorithm (Galli et al., 2022: 237).

Work on the diffusion of misinformation confirms the practical importance of
this field. Vosoughi, Roy and Aral (2018: 1146) found on Twitter data that false
news may spread faster and more widely than true news. From this perspective,
detection models are connected not only with technical classification, but also with
information security, media trust and public resilience.

The quality of the dataset is one of the main conditions for reliable evaluation.
LIAR supported the analysis of short political statements through multi-level
truthfulness labels (Wang, 2017: 422). FEVER connected claim verification with
evidence extraction (Thorne et al., 2018: 809), and FakeNewsNet supplemented
news texts with social context and spatiotemporal information (Shu et al., 2020:
171). X-Fact extended this direction to multilingual fact-checking (Gupta and
Srikumar, 2021: 675). These resources demonstrate that annotation design and
corpus structure determine how model scores should be understood.

A separate issue is that high scores may reflect stylistic or source-related
differences instead of factual reasoning. Hamed et al. (2023: €20382) connect fake
news detection quality with dataset size, label quality, feature representation and
data fusion. Thibault et al. (2025: 5801) show that spurious correlations and label
noise can reduce generalization. For this reason, the TF-IDF results in the present
study are interpreted as evidence of distinguishable signals inside the corpus, not as
evidence that factual verification has been solved.

In multilingual settings, evidence-based verification becomes even more
important. Dementieva and Panchenko (2021: 310) showed that evidence in another
language may improve monolingual fake news detection. The Multiverse study
continues this idea by showing that cross-language comparison can serve as an
additional explainable signal for classification (Dementieva et al., 2023: 77). This
direction fits the Kazakhstani media context, where the same event may be reported
in Kazakh and Russian with different wording, source choices and emphases.

The interpretation of evaluation results also depends on data completeness and
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cleanliness. Galli et al. compared traditional machine learning and deep learning
approaches in a fake news benchmark (Galli et al., 2022: 237). FakeNewsNet
combines several information dimensions (Shu et al., 2020: 171), whereas Thibault
et al. emphasize the control of label quality, leakage and spurious correlations
(Thibault et al., 2025: 5801). Accordingly, the metrics reported in this paper should
be treated as baseline measurements that require further checking with source-
based, topic-based and temporal splits.

Low-resource and multilingual conditions make these problems harder. Recent
reviews name dataset bias, model constraints, limited multilingual data and weak
cross-lingual generalization among the key obstacles for fake news detection
systems (Harris et al., 2024: 222; Alghamdi et al., 2026: 353). Cross-lingual and
cross-domain transfer learning points to the possibility of transferring knowledge
from high-resource to lower-resource settings (Providel et al., 2025: 287). De et
al. also report the usefulness of multilingual BERT for low-resource fake news
classification (De et al., 2021: 9). These findings support the need for carefully
designed corpora and evaluation scenarios for Kazakh.

Multilingual transformer models provide an important comparison line. BERT
introduced contextual text encoding that improved many NLP tasks (Devlin et al.,
2019: 4171), while XLM-RoBERTa achieved strong cross-lingual transfer through
large-scale multilingual pretraining (Conneau et al., 2020: 8440). For Kazakh
and Russian, Sambetbayeva et al. propose moving beyond a binary fake/real
label toward multi-level annotation, including CLAIM, SOURCE, EVIDENCE,
DISINFORMATION TECHNIQUE, AUTHOR INTENT and TARGET
AUDIENCE (Sambetbayeva et al., 2025: 215). Telman et al. compared TF-IDF,
a translation-based cross-lingual approach and XLM-RoBERTa for Kazakh fake
news detection (Telman et al., 2026: 708). The present article therefore defines the
TF-IDF baseline rather than replacing transformer models.

Overall, the literature shows that a reproducible and transparent baseline for
Kazakh-Russian fake/real classification is still necessary. More complex deep
learning models can be judged fairly only after the initial level of data quality,
source bias and cross-lingual transfer has been measured. This study addresses that
preliminary step.

Materials and main methods. Dataset. The experiments were conducted on
a bilingual corpus of fake and real texts in Kazakh and Russian. The texts were
collected from open sources, cleaned and deduplicated. After deduplication, the
complete dataset contained 2,740 records: 452 fake and 518 real Kazakh texts, and
895 fake and 875 real Russian texts. The sources included fact-checking resources,
materials documenting misinformation and mainstream news portals. The source
file field was kept for internal control but was not used as an input feature.

To limit the influence of language and class imbalance, the experimental subset
was balanced by selecting 452 texts for each language-class pair. As a result, the
final corpus used in the experiments contained 1,808 texts. This design makes
model comparison clearer, but it does not reproduce the real distribution of fake
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and real content in the media environment. Therefore, the reported values describe
performance under controlled laboratory conditions.

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
Note: Compiled by the authors based on the balanced experimental dataset.

The Fake class was formed from fact-checking and misinformation-related
sources, including factcheck kz zhalgan, gov factcheck fake claims, nofake
new_wp_fake kk ruand provereno media fake ru. The Real class was compiled
from mainstream news sources such as Egemen, Kazinform, Informburo,
Tengrinews, Zakon and user-provided Kazakh news. In this study, the real label
indicates the origin of the text from a trusted news source; it does not mean that each
item was independently fact-checked. Thus, the experiment measures textual fake/
real discrimination rather than absolute truth verification. Model input combined
the title, claim and main text fields. Metadata such as ID, source file, URL and date
were not provided to the classifier. Empty texts, invalid labels and records with
incorrect language values were removed before training. This choice reduces direct
source memorization, although indirect source cues may still appear through style,
topic, text structure or portal-specific wording.

Deduplication was based on the title, claim and main text fields. Exact duplicate
entries were removed, and records with conflicting labels were excluded from the
experiment. This step lowers the risk of train/test leakage. Still, lightly edited texts
or paraphrases describing the same event may remain in the data; therefore, external
testing is needed before extending the conclusions to the wider information space.
The two classes were also considered from the viewpoint of label origin. Fake
texts often come from refutation or fact-checking-style materials, where denial,
explanation and rejection of a source can be frequent. Real texts more often follow
editorial news style, official information patterns and portal-specific formatting.
These differences provide useful classification signals, but they may also lead the
model to learn genre and source features rather than factual truth itself.

Experimental scenarios

Five experimental scenarios were used to evaluate the models.

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

Note: Compiled by the authors based on the experimental protocol.
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In the bilingual scenario, the train, validation and test split was stratified by
both language and label. In kk only and ru_only, stratification was based on the
label. The approximate proportions were 70% for training, 15% for validation and
15% for testing. In cross-lingual scenarios, the model was trained on the training
part of one language and evaluated on all 904 texts of the other language. Random
seed = 42 was fixed throughout. Cleaning and balancing were completed before
splitting; the validation part was retained for protocol consistency rather than broad
hyperparameter search.

Features and models

TF-IDF was used to represent each text as a vector. Two feature configurations
were tested. The first used word-level unigrams and bigrams; the second used
character-level 3-5 n-grams. Character n-grams are relevant for Kazakh and Russian
because they can capture inflectional endings, suffixes, recurring short patterns and
orthographic similarity.

The comparison included five baseline configurations.

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
Note: Compiled by the authors based on the experimental protocol.

For Logistic Regression and Linear SVM, class_weight = balanced was applied.
The word-level TF-IDF vocabulary was limited to 100,000 features, and the
character-level vocabulary to 120,000 features. The minimum document frequency
was min_df=2; sublinear tfwas applied for Logistic Regression and Linear SVM.
All experiments were implemented in scikit-learn. The vectorizer and classifier were
fitted inside a single Pipeline, so the vocabulary and TF-IDF weights were learned
only from the training split; test texts were not involved in feature construction.

TF-IDF was chosen as a baseline because it is simple, fast and relatively
interpretable, which is useful in a low-resource setting. At the same time, it does
not place Kazakh and Russian words into a shared semantic space. For that reason,
cross-lingual performance may depend on shared topics, style, symbols or class-
specific lexical patterns rather than on semantic understanding. This limitation is
central to the interpretation of the experiment.

Evaluation metrics

Model quality was assessed with Accuracy, Precision, Recall and F1-score.
Macro-F1 was used as the main comparison metric because it gives the fake and
real classes equal weight. This is important in cross-lingual evaluation, where a
model may overpredict one class while Accuracy hides the imbalance. Confusion
matrices were added to show the direction and concentration of errors.

293



Academic Scientific Journal of Computer Science 2.2026

Reproducibility and bias control

Reproducibility was supported by fixing seed = 42 for data splitting and
stochastic model components. All models were tested under the same scenarios and
with the same textual fields. This design improves comparability, although it cannot
fully remove topic and source differences that may exist within the corpus.

Three types of bias were considered during interpretation. Source bias may
occur because fake and real texts come from different categories of websites. Topic
bias appears when the two classes cover different subject areas. Temporal bias can
inflate expected generalization when training and test texts are close in time. For
these reasons, the high scores are reported as controlled baseline results, not as
production-level accuracy.

Results

Table 4 summarizes the aggregated results. Figures 1-3 illustrate the scenario-
level Macro-F1 and Accuracy distributions, and Figure 4 shows class-level F1
values. The best performance 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 setting,
word_tfidf logreg and word_tfidf svm reached Macro-F1 =0.9853. In the Russian-
only setting, word tfidf svm produced the highest score.

Table 4 — Best results by experimental scenario

Scenario Best model Accuracy Macro-F1
bilingual word_tfidf svm 0.9853 0.9853
kk only word_tfidf logreg 0.9853 0.9853
ru_only word tfidf svm 0.9853 0.9853
cross_kk to ru word_tfidf cnb 0.6869 0.6540
cross ru to kk word_tfidf cnb 0.9259 0.9257
Note: Compiled by the authors based on the experimental results.
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Figure 1 — Macro-F1 scores by experimental scenario

294



ISSN 1991-346X

2.2026

Accuracy by Scenario and Model

0.985 0.885
|i3 0 |

Bilingual

0.978.0.978 0978 0.985 0.985

Kazakh-only

acouracy
° °
3 ®

°
=

°

00

Models

0985 B Char TFDF + LR

0.9720.978

0.956 0.963
0.926 [ Char TF-IDF + SVM
@ Word TF-IDF + CNB
B Word TF-IDF + LR
M Word TF-IDF + SUM
0713
0.687
0628 g 512
0565
ii -5-3I |

Russian-only KK ->RU RU > KK

Scenario

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

Figure 5 presents the confusion matrix for the bilingual scenario. The best model
correctly classified 268 of 272 test texts. In the Fake class, 134 texts were detected
correctly and 2 were assigned to the Real class. In the Real class, 134 texts were
detected correctly and 2 were assigned to the Fake class. The errors are balanced
across the two classes, so no clear class bias is observed in this scenario.

Bilingual
Word TF-IDF + SWVM

fake Predicted label rag)

fake

True label

real

Figure 5 — Confusion matrix of the best model in the bilingual scenario

In the Kazakh-only scenario, the model classified 134 of 136 test texts correctly.
All fake texts were detected, while 2 real texts were classified as fake. In the
Russian-only scenario, the total number of correct predictions was also 134 of 136,
but the error pattern was different: all real texts were retained, and 2 fake texts were
classified as real.

Cross-lingual performance was strongly directional. In cross kk to ru, the
model was trained on the Kazakh training split and tested on Russian texts. The
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best result was obtained by word_tfidf cnb, with Accuracy = 0.6869 and Macro-F1
= 0.6540. The confusion matrix indicates that fake Russian texts were detected
well, but real Russian texts were often moved to the fake class: 450 of 452 fake

texts were correct, whereas 281 of 452 real texts were misclassified as fake. Figure
6 shows the corresponding matrix.

KK -> RU
Word TF-IDF + CNB

fake Predicted label (aq)

fake

True label

real

171

Figure 6 — Confusion matrix of the model trained on Kazakh and tested on Russian

The reverse direction produced a more stable result. In cross ru to kk, the
model was trained on the Russian training split and tested on Kazakh texts. The
best model was again word_tfidf cnb, reaching Accuracy = 0.9259 and Macro-F1
=0.9257. In total, 837 of 904 test texts were classified correctly; this includes 399

of 452 fake Kazakh texts and 438 of 452 real Kazakh texts. Figure 7 presents the
corresponding confusion matrix.

RU > KK

Word TF-IDF + CNB

fake Predicted label (o5

fake

True label

real

Figure 7 — Confusion matrix of the model trained on Russian and tested on Kazakh
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Error analysis

The confusion matrices show where the main errors occur. In monolingual
and bilingual regimes, the number of errors is small and the distribution between
classes is almost even. In cross_kk to ru, the main weakness is the assignment of
real Russian texts to the fake class: 281 of 452 real texts were classified as fake.
This may mean that fake-related signals learned from Kazakh data overlap with
stylistic or topical patterns in real Russian news.

In cross_ru to kk, the error distribution is less extreme: 399 of 452 fake texts
and 438 of 452 real texts were recognized correctly. One possible explanation
is that the Russian training set covers broader fake/real distinctions that are also
present in the Kazakh test set. This explanation remains provisional and should be
checked with source-based splitting, topic-controlled splitting and manual analysis
of misclassified texts.

Discussion. The results indicate that classical TF-IDF models form a strong
baseline for fake/real classification in this corpus. Macro-F1 values close to 0.985
in monolingual and bilingual scenarios show that the Kazakh and Russian texts
contain clear class-related lexical signals. These signals may come from topic
selection, writing style, source format, claim structure or wording typical of fact-
checking materials. Thus, the high scores should be understood as evidence of
separable textual patterns, not as proof of deep factual understanding.

The bilingual result suggests that Kazakh and Russian texts can be handled within
one classification space. This is relevant for Kazakhstan's bilingual information
environment. Nevertheless, TF-IDF does not encode contextual meaning; it relies
on word and n-gram distributions. Therefore, the result shows that the dataset
contains shared lexical and stylistic cues, but it does not prove that the model
captured the full semantics of both languages.

The main analytical result is the asymmetry of cross-lingual transfer. Training
on Kazakh led to weaker performance on Russian texts, while training on Russian
transferred more successfully to Kazakh texts. Several explanations are possible:
the Russian training set may be wider in topic and style, the source structure of the
Kazakh data may differ from the Russian test set, or Complement Naive Bayes may
preserve some lexical likelihood patterns better in cross-lingual settings. These
are hypotheses for future ablation and source/topic analysis, not confirmed causal
explanations.

This asymmetry requires cautious interpretation. TF-IDF does not build a shared
semantic space for Kazakh and Russian, nor does it identify translation equivalents.
It works with symbolic, stylistic and topical similarities present in the data.
Therefore, the strong cross ru to kk result is best understood as a combination
of shared dataset signals and statistical adaptation rather than genuine semantic
transfer.

The practical implication has two parts. First, TF-IDF should remain in future
experiments as a simple, fast and interpretable comparison point for Kazakh-
Russian fake/real classification. Second, multilingual transformer models,
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including multilingual BERT and XLM-RoBERTa, should be evaluated under the
same protocol to test whether contextual embeddings provide stronger semantic
generalization across languages.

Limitations and threats to validity

Several limitations affect the interpretation of the results. First, the Real class
was formed from mainstream news portals and not from independently fact-
checked texts. Therefore, the model may learn source and style differences rather
than truth and falsity. Second, although the corpus is balanced, its size is limited:
each language-class pair contains 452 texts, which may not cover the full diversity
of topics. Third, structural differences between fact-checking websites and news
portals may influence classification quality.

Fourth, the study uses only classical TF-IDF-based models. This is appropriate
for the baseline objective, but it does not replace direct comparison with
multilingual transformer models. Fifth, temporal and source-based splits were not
tested separately; if training and test data are close in time or source structure,
future performance may be lower. Sixth, exact duplicates were removed, but near-
duplicates or event-level overlap may remain. Seventh, feature weights, important
n-grams and SHAP-level explainability were not analyzed in this version.

Despite these limitations, the study offers an initial experimental basis for
Kazakh-Russian fake/real classification. Its value is not in presenting a production
detector, but in showing the level reached by an explainable baseline, revealing
cross-lingual asymmetry and identifying the next steps for future research. The
results can support corpus expansion, multi-level annotation and comparison with
transformer-based models.

Conclusion. This paper evaluated TF-IDF-based machine learning models
for fake/real text classification in Kazakh and Russian across five experimental
scenarios. The balanced bilingual corpus contained 1,808 texts with equal language
and class proportions. Logistic Regression, Linear SVM and Complement Naive
Bayes were compared under a single evaluation protocol, and the results were
interpreted as an explainable baseline.

In monolingual and bilingual regimes, the models achieved strong performance:
Macro-F1 was approximately 0.985 in the bilingual, kk_only and ru_only scenarios.
This indicates that TF-IDF-based linear models are a strong baseline for Kazakh-
Russian fake news detection. At the same time, these scores do not mean that
factual verification is solved, because the model may rely on style, topic and source
signals. Cross-lingual evaluation showed a directional gap: Kazakh-to-Russian
transfer reached Macro-F1 = 0.654, whereas Russian-to-Kazakh transfer reached
Macro-F1 = 0.926.

Future work should expand the corpus, apply source-based and temporal splitting,
and improve control over near-duplicate and event-level overlap. Multilingual
transformer models such as XLM-RoBERTa and multilingual BERT should be
compared with the TF-IDF baseline under the same protocol. The binary fake/real
label should also be extended with multi-level annotation, including disinformation
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technique, author intent, target audience and evidence, to improve the explanatory
and applied value of the research.
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