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Abstract

As false news benchmarks are increasingly being developed from fact-checking sources,
this introduces a slight, but under cited, threat to validity: source bias. The two classes
are not necessarily similar in style or structure; a classifier could distinguish between
fake and real items (both from a fact-checking outlet) based on surface features rather
than truth, and obtain scores which do not reflect the ability of the classifier to actually
detect the truth. We report this effect for Kazakh-Russian Telegram—a low-resource code-
switched environment—and show that a naively engineered corpus yields artificially high
performance (up to 0.98 F1) that plummets by about ten percentage points, after the removal
of the shortcut. We then introduce a two-stage debiasing protocol: (1) structural cleaning
(viral-boilerplate, interrogative openers and verdict labels removal from Tengrinews posts);
and (2) a heterogeneous two-source real class constructed from Tengrinews posts and
confirmed “True” (Pravda) verdicts on Factcheck.kz. This balanced, cleaned set of 804 posts
(402 real/402 fake) is made available to the public. On this debiased benchmark we
report honest baselines for six methods: TF-IDF + Logistic Regression, FastText, fine-
tuned XLM-RoBERTa, fine-tuned RuBERT, and Llama 3.1 8B with zero- and few-shot
prompting. The fine-tuned transformers show good performance (RuBERT 0.8819, XLM-
RoBERTa 0.8757 macro F1), whereas classical TF-IDF is competitive (0.8508), and in-context
LLM prompting lags behind (zero-shot 0.4522, few-shot 0.6601 macro F1)-quantifying the
gap between in-context prompting and few hundred labeled examples. The transformer
margin is very small and is calculated from a single split, so we only report the margin as
indicative and discuss the evaluation conditions required to confirm the margin. We make
a methodological contribution by providing a replicable debiasing recipe and showing
that explicit source-bias controls are required to evaluate trustworthy fact-checks in low-
resource, fact-check-derived misinformation benchmarks. Data and code are made publicly
available so that they can be used to facilitate reproducible research.

Keywords: fake news detection; source bias; shortcut learning; evaluation validity; dataset
debiasing; Kazakh-Russian; telegram; low-resource NLP; RuBERT; XLM-RoBERTa
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1. Introduction

The high rate of the expansion of social media platforms has not only changed the way
information flows but also increased the number of fake news, disinformation, and coordi-
nated information operations. According to recent surveys, the median of 72% of adults
in 25 countries consider the dissemination of misinformation on the Internet a significant
threat to their society, and the concern has not declined in many areas. More than a majority
of global respondents (58%) are concerned about the ability to sort out real and fake news
on the internet, which is influenced by influencers, politicians and algorithmic amplification.
Amid a time of misinformation that can be transmitted up to 10 times faster than actual
information on social networks, automated detection systems have become imperative in
ensuring that the discourse of the people, the political stability, and the social cohesion
is maintained.

NLP techniques have become a foundation upon which automated fake news de-
tection can be performed, replacing classical machine learning with handcrafted features
with deep learning and transformer-based architectures that can capture semantic and
contextual nuances. Nevertheless, most of the current literature and benchmarks are still
highly skewed towards high-resource languages like English, and low-resource and multi-
lingual settings have been grossly understudied. In particular, this linguistic asymmetry is
especially severe in agglutinative, morphologically rich languages such as Kazakh, where
paucity of data, complex inflectional systems, high out-of-vocabulary rates, and frequent
code-switching (between Kazakh, Russian, and English) present substantial challenges to
traditional models.

Telegram channels are used in Kazakhstan as a major source of real-time news dissem-
ination, and the platform is also deeply rooted in the daily consumption of information
and often contains bilingual or even multilingual content [1]. Such a setting not only
increases the risk of disinformation spreading but also necessitates culturally and lin-
guistically optimized methods of detection. Although there are now studies focusing
on low-resource environments (especially Turkic languages such as Kazakh), in-depth
studies of cross-lingual transfer learning in low-resource settings are still scarce. Recent
work, e.g., multi-level annotated corpora of Kazakh—Russian fake news [2], underlines the
increasingly, but still, nascent attention to those challenges.

One critical and frequently neglected issue of fact-check-derived datasets is source
bias: when all the fake samples are provided by the same fact-checking source and all
the real samples are provided by the same news source, models can learn to distinguish
sources instead of detecting misinformation. The risk is particularly acute when the fact-
checking articles are based on a specific structural template (e.g., the opening with the
phrase “Is it true that”), which can be used as a shortcut signal regardless of the actual
content. To counteract source bias, both intensive structural cleaning and heterogenisation
of the actual class across a variety of sources are needed.

To fill these gaps, this paper presents a cleaned and debiased Kazakh—Russian Tele-
gram dataset and assesses six methods to detect fake news that include classical, embedding-
based, multilingual transformer, monolingual transformer, and zero-shot/few-shot LLM
methods. Remarkably, we compare RuBERT—a BERT model pretrained on Russian text—
with XLM-RoBERTa, pretrained on over 100 languages. The results of the experiments
show that RuBERT performs the best (accuracy = 0.882, macro F1 = 0.882) compared
to XLM-RoBERTa (macro F1 = 0.876), TF-IDF + Logistic Regression (macro F1 = 0.851),
and FastText (macro F1 = 0.757). These results show that language-specific pretraining
offers a significant benefit over multilingual models on corpora mostly in Russian, even at a
small scale of dataset, and provide valuable information on model selection in low-resource
misinformation detection.
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2. Related Work

Recent years have seen a significant amount of focus on the detection of fake news
and disinformation on social media and the influence of such information and content on
society in general [3,4]. Empirical research has shown that the spread of false news is much
faster, wider, and farther than the spread of true news on social networks, which explains
the need to move to automated detection systems [5]. Economic and political impacts of this
phenomenon, especially during major electoral events, have further triggered the interest in
interdisciplinary research [6]. The initial methods were based on classical machine learning
and handcrafted features, i.e., linguistics (e.g., n-grams, sentiment polarity, readability
scores) [7], metadata (e.g., user profiles, propagation patterns), and network characteristics
(e.g., retweet graphs) [8,9]. Detailed surveys have captured how these approaches have
been evolving and the fundamental challenges that they face [10,11]. These approaches
performed fairly well with English-centric datasets such as FakeNewsNet [12], LIAR [13],
and PolitiFact [14], but failed on semantic nuance and context.

With the emergence of deep learning, the field shifted towards neural architectures.
Recurrent models (LSTM, GRU) [15] and convolutional networks [16] enhanced sequence
modeling and local pattern capture. Architectures based on graphs, such as bi-directional
graph convolutional networks, enhanced the modeling of the dynamics of rumor propa-
gation on social networks [17]. Evidence-conscious debunking techniques like DeClarE
further strengthened prediction based on external knowledge sources [18]. Recently, models
based on transformers have been predominant, with BERT [19] and its multilingual counter-
parts (mBERT, XLM-RoBERTa [20]) demonstrating strong performance through contextual
embeddings and cross-lingual transfer. Monolingual adaptations for Russian such as Ru-
BERT [21] and cross-lingual pretraining objectives such as XLM [22] have further extended
such capabilities to non-English environments. Additional hybrid methods combining text
and multimodal signals (images, user interactions) further increased accuracy [23,24].

Although these advances have occurred, the bulk of the research continues to be
heavily biased toward high-resource languages, especially English [11,25]. Low-resource
and multilingual situations which are characterized by a lack of labeled data, morphological
complexity, code-switching, and dialectal variation receive much less attention [26,27].
The issue of automatic detection of fake news in actually multilingual and code-switched
settings has been identified as a little-explored frontier [28]. Subword-aware models
(FastText [29], character-level CNNs [30]) have proved to be promising in morphologically
rich languages such as Turkish and Kazakh, but large-scale benchmarks are limited. Recent
multilingual datasets (e.g., MuMiN [31]) and transfer learning strategies [32] are partial
solutions, but do not cover Turkic languages or Telegram-specific content.

Telegram has become one of the main platforms for real-time news dissemination
in most regions, such as Central Asia and the Middle East [33,34]. The spread of social
bots has further complicated the spread of disinformation in digital platforms and made
automated detection even more challenging [35]. Compared with Twitter/X or Facebook,
the channel-based structure and the lack of moderation that Telegram offers allow both
legitimate reporting and disinformation to spread rapidly [36]. Telegram misinformation
studies have been focused on Arabic [37], Russian [38], and Persian [39] contexts, and have
often studied propagation graphs, bot activity, and coordinated campaigns [40]. There are
also new risks due to the emergence of large language models: at large scale, generative
models can create convincing misinformation, which can be extremely challenging to
detect using existing detection pipelines [41]. Nevertheless, not many detection models
of Telegram content exist, and only a few address either a bilingual or a low-resource
setting [42].
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Research is young in the context of Kazakh. An earlier study explored sentiment
analysis and topic modeling in Kazakh news [43], and more recently, annotated corpora
have been proposed for the detection of fake news in Kazakh using a multi-level labeling
scheme [2]. An annotation system with multi-level annotation, based on Label Studio,
has recently been established to provide an important resource for corpus building in this
context [44]. NLP methods have also been examined in the context of multilingualism
on social media, with specific consideration of the bilingualism between Kazakh and
Russian [45]. All these studies point to such challenges as agglutinative morphology, code-
switching (Kazakh-Russian-English), and lack of data. As the main sources of information
in Kazakhstan, Telegram channels are increasing the volume of both verified journalism
(e.g., Tengrinews, NUR.KZ) and viral falsehoods [1]. However, no previous work has
comprehensively addressed the issue of source bias in fact-check-derived Telegram corpora,
compared monolingual versus multilingual transformer models on Russian-dominant
Kazakh social media text, or constructed a two-source real class to prevent models from
learning source identity instead of misinformation signals.

The paper fills these gaps by creating a debiased Kazakh—Russian Telegram corpus,
applying aggressive structural cleaning to eliminate fact-checking boilerplate, along with
real-class diversification across two sources, and benchmarking classical, embedding-
based, and both monolingual and multilingual transformer methods. Our approach is
consistent with the recommendations for more transparent and generalizable evaluation in
low-resource misinformation detection [46—49].

3. Dataset Construction
3.1. Data Sources

The dataset was built based on two main Telegram channels. The first is Tengrinews
(@tengrinews), a top mainstream Kazakhstani news source (https://tengrinews.kz/, ac-
cessed on 6 July 2026), which is widely considered credible in reporting on politics, economy,
society, and daily events. Telethon was used to scrape messages and 19,221 posts were
obtained. These represent typical legitimate news style: neutral tone, factual statements,
named sources, and links to the original site. The second source is https://Factcheck.kz/,
accessed on 6 July 2026 (@factcheckkz), the largest IFCN-certified fact-checking platform
in Kazakhstan, providing high-quality labeled debunkings of viral claims in Kazakh and
Russian. The channel generated 505 posts with claims, analyses, and explicit verdicts (e.g.,
Fake (®eiik), Lie (JIoxxp), Manipulation (Manumysnsanus), Half-truth (IToaynpasna), True
(Ilpasna)).

3.2. Label Assignment

Verdicts were mapped to binary labels. Label 0 (real/true) was given to posts that
included verdicts IIpasga (True) and Bosbmieit qacroio npasna (Mostly True), yielding
52 verified true entries from Factcheck.kz. Label 1 (fake) was assigned to posts whose
verdict was Peiix (Fake), Jloxs (Lie), Manumyamua (Manipulation), Ionxynpasna (Half-
true), He nokazano (Unproven), 3omou-deiik (Zombie-fake), Pazsox (Scam), Carupa (Satire),
and other similar categories, producing 402 fake entries. Posts with ambiguous or com-
pound verdicts (e.g., “True and manipulation”) and posts where a verdict pattern could
not be detected were filtered out to ensure label reliability.

3.3. Source Bias and Two-Source Real Class

A methodological issue that affects datasets based on a single fact-checking source
is source bias: models can learn to differentiate between the writing styles or structural
templates of the two sources, instead of identifying actual misinformation. In our first
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experiments, models trained on single-source data achieved artificially high accuracy
(up to 0.98) due to source-specific signals rather than content understanding. To address
this, we constructed a two-source real class consisting of a combination of 52 https://
Factcheck.kz/, accessed on 6 July 2026 “lIpasna” entries and 350 randomly sampled
Tengrinews posts, yielding a total of 402 real samples. This design causes models to learn
content-based signals because the real class itself is composed of texts from the same fact-
checking outlet as the fake class. Figure 1 shows the composition of the dataset and the
source breakdown.

(a) Overall Class Balance (b) Real Class Source Breakdown

Factcheck.kz
TRUE (NpaBgaa) (52)

Real (402) Fake (402)

Tengrinews
(350)

Figure 1. Dataset composition. (a) Overall class balance: 402 real vs. 402 fake samples. (b) Real class
source breakdown: 350 Tengrinews posts (87.1%) and 52 Factcheck.kz “IIpasna” entries (12.9%),
illustrating the two-source design used to mitigate source bias.

3.4. Preprocessing and Structural Debiasing

To avoid shortcut learning, a multi-step preprocessing pipeline was applied to
all texts:

(1) Removal of verdicts: all the text after the first occurrence of “verdikt” (case-
insensitive) was removed using regular expressions, leaving only the initial claim and a
brief introduction.

(2) Structural pattern removal: fact-checking-specific boilerplate phrases were removed,
including interrogative openers (Ilpasa s, uro. .., agsisn ju. . . ) and viral framing
phrases (B ceTn pacnpoCTpaHIIIOCE, B COIMAJBHBIX CETSIX IMIHPOKO PACIPOCTPAHHIINCE).
Trailing interrogative question marks were changed to periods to eliminate interroga-
tive framing.

(8) General normalization: URLs, Telegram links (t.me/...), markdown formatting mark-
ers (**, __), emojis, flag symbols, and phrases indicating the source (e.g., “tengrinews”
or “nepenaér 24”) were eliminated. Unnecessary whitespace was condensed and
leading punctuation artifacts were removed.

A post-cleaning leakage audit confirmed that no source-identifying patterns (ten-
grinews references, t.me links, “Pravda li” phrases, verdict-declaring titles) remained in
either category.

3.5. Dataset Statistics
The final dataset is a balanced set of 804 samples: 402 real (label = 0) and 402 fake

(label = 1). The real class consists of 350 Tengrinews posts and 52 Factcheck.kz “IIpasna”
entries, as illustrated in Figure 1. Stratified sampling was used to split the dataset 80/20 into
training (643 samples) and test (161 samples) sets to maintain class distribution. The training

set has 321 real and 322 fake samples; the test set has 81 real and 80 fake samples.
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The mean text length is approximately 51 words for real samples and 47 words for
fake samples. The content is largely in Russian, which is the most commonly used language
in social media in Kazakhstan, although there is occasional code-switching and Kazakh
phrases. The processed dataset and preprocessing scripts are available at https://drive.
google.com/drive/u/1/folders/11YLvmEelP2AiKekRnwnlzhZIvArAIpWO (accessed on
6 July 2026).

4. Experiments
4.1. Setup

All models were trained on the 80% training split (643 samples) and evaluated on
the held-out 20% test set (161 samples), with stratification used to maintain class balance.
The primary input feature was the “clean_claim” column produced by the preprocessing
pipeline described in Section 3.4. The baseline in the the classical was seeded with 42,
while the five different transformer experiments were seeded with 13, 21, 42, 87 and 101.
The experiments were run with Python 3.12.3 (Python Software Foundation, Wilmington,
DE, USA), pandas 2.3.3, NumPy 2.4.6, scikit-learn 1.9.0, SciPy 1.18.0, PyTorch 2.7.1 (PyTorch
Foundation, San Francisco, CA, USA), and Transformers 4.52.4 (Hugging Face, Inc., New
York, NY, USA). Transformer models were fine-tuned on an NVIDIA GeForce RTX 4060
GPU with 8 GB VRAM using CUDA 12.8 and cuDNN 9.7.1 (NVIDIA Corporation, Santa
Clara, CA, USA).

Because the dataset is relatively small, the reported results should be interpreted as
baseline performance under a single stratified train—test split rather than as statistically
conclusive estimates of model superiority. In particular, the small performance difference
between RuBERT and XLM-RoBERTa should be interpreted cautiously and may require
repeated-seed evaluation, confidence intervals, or statistical significance testing in future work.

4.2. Baselines

TF-IDF + Logistic Regression: Two complementary TF-IDF representations of text—
word-level n-grams (range 1-3, maximum 10,000 features, sublinear TF scaling) and
character-level n-grams (range 3-5, maximum 10,000 features, sublinear TF scaling)—were
concatenated into a single feature matrix. The classifier was trained as a Logistic Regression
classifier with balanced class weights, L2 regularization (C = 1.0), and a maximum of
2000 iterations. This word-/character-level representation captures not only patterns of
semantic phrases but also morphological subword cues important to Russian text.

FastText: A supervised FastText model was trained with a learning rate of 0.5,
100 epochs, wordNgrams = 3, 150-dimensional embeddings, minimum word count of 1,
and softmax loss. The model exploits subword information through character n-grams,
making it especially applicable to morphologically rich languages.

4.3. Transformer Models

XLM-RoBERTa: To evaluate multilingual contextual deep learning, we fine-tuned
xlm-roberta-base—a RoBERTa model pretrained on CommonCrawl data in 100 languages
using masked language modeling. The model was fine-tuned for 5 epochs using cross-
entropy loss, AdamW optimizer (learning rate 2 x 10~°, weight decay 0.01), linear learning
rate schedule with 10% warmup steps, and a batch size of 16. Input sequences were
tokenized with a maximum length of 128 tokens. The best-performing checkpoint was
selected based on macro F1 on the validation set after each epoch.

RuBERT: To assess whether language-specific pretraining provides an advantage
over a multilingual model on this predominantly Russian corpus, we additionally fine-
tuned rubert-base-cased (ai-forever/ruBert-base)—a BERT-base model pretrained
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exclusively on Russian text using masked language modeling and next sentence predic-
tion. The same fine-tuning configuration was applied as for XLM-RoBERTa: 5 epochs,
AdamW optimizer (learning rate 2 x 1075, weight decay 0.01), linear schedule with 10%
warmup, batch size 16, and maximum sequence length 128. This controlled comparison
isolates the effect of monolingual versus multilingual pretraining while keeping all other
hyperparameters identical.

4.4. LLM Zero-Shot and Few-Shot Classification

To explore the ability of large language models (LLMs) to perform fake news detection
without task-specific fine-tuning, we evaluated Llama 3.1 8B via the Groq API under two
prompting regimes: zero-shot and few-shot. Unlike the fine-tuned transformer models
described above, the LLM did not undergo any gradient-based parameter updates and
relied only on its pretrained knowledge and in-context instructions.

All LLM calls used the same system prompt: “You are an expert fact-checker who
specializes in Kazakh and Russian social media content. Classify the Telegram post as
REAL or FAKE. Respond with exactly one word: REAL or FAKE.”.

In the zero-shot setting, each test post was provided to the model together with the
system instruction only, without any labeled examples. The model was required to return
exactly one label: REAL or FAKE. This setting evaluates the model’s inherent ability to
identify misinformation-related cues in Russian-dominant Kazakhstani Telegram posts
without task-specific demonstrations.

In the few-shot setting, six labeled examples from the training set were prepended to
the prompt before the target test post. These examples consisted of three real and three
fake posts, arranged in alternating order to avoid label-order bias. The examples were
selected using a fixed random seed of 42 to ensure reproducibility. This setting evaluates
whether a small number of in-context demonstrations can calibrate the model toward the
local classification boundary without weight updates.

To improve reproducibility, all LLM calls were configured to minimize randomness in
generation. The output length was restricted to a short single-label response. The model
outputs were post-processed by stripping whitespace, converting responses to uppercase,
and mapping only exact REAL or FAKE outputs to the corresponding binary labels. Any
non-conforming outputs were handled using a predefined rule: responses containing the
word REAL were mapped to the real class, responses containing the word FAKE were
mapped to the fake class, and ambiguous outputs were manually inspected. The full LLM
inference configuration is summarized in Table 1.

Table 1. LLM inference configuration.

Parameter Value

Model Llama 3.1 8B

API provider Groq

Task Binary fake news classification

Prompting regimes Zero-shot and few-shot

System prompt Expert fact-checker for Kazakh and Russian social media content
Output format One-word label: REAL or FAKE

Decoding strategy Deterministic or low-randomness generation

Temperature 0, if supported by the API

Maximum output length
Few-shot examples
Few-shot example order
Example selection

Test set

Evaluation metrics

Restricted to a short single-label response

6 examples: 3 real and 3 fake

Alternating real/fake order

Fixed random seed = 42

161 held-out samples

Accuracy, macro precision, macro recall, macro F1, per-class
precision/recall/F1

https:/ /doi.org/10.3390/a19080657
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Both zero-shot and few-shot settings were evaluated on the same 161-sample held-out
test set used for all other models. The evaluation metrics were also identical to the rest of
the experiments: accuracy, macro-averaged precision, macro-averaged recall, macro-F1,
and per-class precision, recall, and Fl-score. This design enables a direct comparison
between prompt-based LLM classification and task-specific supervised models.

5. Results

Table 2 presents the overall performance of all six models on the held-out test set.
RuBERT achieved the highest macro-F1 score in the held-out test experiment, with an
accuracy of 0.8820 and a macro-F1 of 0.8819, followed closely by XLM-RoBERTa with
an accuracy of 0.8758 and a macro-F1 of 0.8757. However, the absolute difference be-
tween the two transformer models is small and should be interpreted cautiously because
the evaluation is based on a single stratified train—test split. Both transformer models
exhibited consistent convergence through the training epochs, with the validation loss
decreasing progressively and the macro F1 reaching its peak value at epoch 2, after which
overfitting led to an increment in the validation loss (see Tables 3-5 and Figure 2 for
epoch-wise details).

XLM-RoBERTa Training Dynamics RuBERT Training Dynamics
0.5

0.8825
0.8800

0.86 0.4 0.8775

0.8750
" —e~ Train Loss
v 0.4 Val Loss

= —4 Val F1 0.84

0.8725

lacro F1

0.8700
0.8675

01 0.8650

0.1 0.81 0.8625

Epoch Epoch

Figure 2. Training dynamics for XLM-RoBERTa (left) and RuBERT (right). Both models achieve best
validation F1 at epoch 2, with validation loss increasing from epoch 3 onward, indicating overfitting
on the small training corpus.

Table 2. Overall performance of all models on the test set (macro averages).

Model Accuracy Precision Recall F1 Score
TF-IDF + Logistic Regression 0.8509 0.8519 0.8508 0.8508
FastText 0.7578 0.7597 0.7575 0.7572
XLM-RoBERTa (fine-tuned) 0.8758 0.8778 0.8760 0.8757
RuBERT (fine-tuned) 0.8820 0.8834 0.8822 0.8819
Llama 3.1 8B (Zero-shot) 0.5528 0.6818 0.5502 0.4522
Llama 3.1 8B (Few-shot, 6 examples) 0.6832 0.7474 0.6816 0.6601

Table 3. XLM -RoBERTa performance across training epochs.

Epoch  TrainLoss ValLoss Accuracy Precision Recall F1
1 0.6570 0.4764 0.8137 0.8236 0.8131 0.8120
2 0.3177 0.3114 0.8758 0.8778 0.8760 0.8757
3 0.1992 0.6304 0.8385 0.8394 0.8383 0.8384
4 0.1651 0.6293 0.8634 0.8633 0.8633 0.8633
5 0.1229 0.5245 0.8634 0.8642 0.8635 0.8633

Best checkpoint: Epoch 2 (Val F1 = 0.8757).
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Table 4. Per-class performance of XLM-RoBERTa (best epoch).
Class Precision Recall F1-Score Support
Real (0) 0.88 0.88 81
Fake (1) 0.88 0.88 80
Accuracy — 0.88 161
Macro avg 0.88 0.88 161
Table 5. RuBERT performance across training epochs.
Epoch  TrainLoss ValLoss Accuracy Precision Recall F1
1 0.5007 0.3288 0.8634 0.8635 0.8634 0.8633
2 0.2022 0.2945 0.8820 0.8834 0.8822 0.8819
3 0.1326 0.3389 0.8820 0.8847 0.8823 0.8818
4 0.0770 0.4188 0.8696 0.8696 0.8696 0.8696
5 0.0659 0.4192 0.8758 0.8760 0.8758 0.8758

Best checkpoint: Epoch 2 (Val F1 = 0.8819).

As shown in Table 6 TF-IDF + Logistic Regression had competitive performance
(accuracy = 0.851, macro F1 = 0.851), which indicates that classical n-gram methods con-
tinue to be relevant. The word-/character-level TF-IDF representation delivered balanced
precision and recall across both classes.

Table 6. Per-class performance of TE-IDF + Logistic Regression.

Class Precision Recall F1-Score Support
Real (0) 0.87 0.84 0.85 81
Fake (1) 0.84 0.87 0.85 80
Accuracy — 0.85 161
Macro avg 0.85 0.85 0.85 161

In Table 7, FastText achieves symmetric per-class performance, with precision and
recall within 0.02 of each other for both classes, indicating that the model does not exhibit a
strong directional bias despite its lower overall score.

Table 7. Per-class performance of FastText.

Class Precision Recall F1-Score Support
Real (0) 0.77 0.75 0.76 81
Fake (1) 0.75 0.77 0.76 80
Accuracy — 0.76 161
Macro avg 0.76 0.76 0.76 161

The per-class results in Table 8 show that RuBERT achieves near-equal precision and
recall for both the real and fake classes (0.89/0.88 and 0.88/0.89, respectively), confirming
that the model does not systematically favor either class and that its macro F1 reflects
genuine balanced performance. The training dynamics in Figure 3 further illustrate that
this best-epoch checkpoint is reached at epoch 2, after which validation loss increases while
macro F1 declines, indicating overfitting on the small training corpus.
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Table 8. Per-class performance of RuBERT (best epoch).
Class Precision Recall F1-Score Support
Real (0) 0.89 0.88 0.88 81
Fake (1) 0.88 0.89 0.88 80
Accuracy — 0.88 161
Macro avg 0.88 0.88 0.88 161
1.0

0.851

0.8

0.6

Score

0.4

I Accuracy

I Precision

[ Recall

F1 (macro)

0.2

0.0-

TF-IDF + LR FastText XLM-RoBERTa RuBERT Llama 3.1 Llama 3.1
(fine-tuned) (fine-tuned) Zero-Shot Few-Shot

Model

Figure 3. Performance comparison of all six models on the test set across Accuracy, Precision, Recall,
and macro F1. Fine-tuned transformer models (RuBERT, XLM-RoBERTa) clearly outperform all other
approaches. Llama 3.1 zero-shot and few-shot results are shown for comparison.

The LLM-based approaches (Tables 9 and 10) performed substantially below all trained
models. Llama 3.1 zero-shot only reached 0.4522 macro F1 and the model exhibited a strong
prior towards real content in the zero-shot case (real recall = 0.98, fake recall = 0.12), as no
task-specific context was provided. This bias is also evident in the confusion matrices in
Figure 4. The few-shot setting improved significantly to 0.6601 macro F1—a gain of 0.208
F1 points—as the six in-context examples shifted the model towards detecting more fake
posts (fake recall increased from 0.12 to 0.42). Nonetheless, neither of the two LLM settings
achieves better results than FastText (0.7572), the weakest trained model. Complete analysis
is found in Section 6.4.

Table 9. Per-class performance of Llama 3.1 8B Zero-Shot.

Class Precision Recall F1-Score Support
Real (0) 0.53 0.98 0.69 81
Fake (1) 0.83 0.12 0.22 80
Accuracy — 0.55 161
Macro avg 0.68 0.55 0.45 161

Table 10. Per-class performance of Llama 3.1 8B Few-Shot (6 examples).

Class Precision Recall F1-Score Support
Real (0) 0.62 0.94 0.75 81
Fake (1) 0.87 0.42 0.57 80
Accuracy — 0.68 161
Macro avg 0.75 0.68 0.66 161
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RUBERT Llama 3.1 Llama 3.1
(fine-tuned) Zero-Shot Few-Shot

5

Fake (1) Real (0) Fake (1) Real (0)
Predicted Predicted Predicted

Real (0)
Real (0)

Actual
Actual

(1)

34

Fake
Fake (1)

Real (0) Fake (1)

Figure 4. Confusion matrices for RuBERT (best fine-tuned model), Llama 3.1 zero-shot, and Llama
3.1 few-shot. The zero-shot matrix reveals extreme bias toward predicting REAL, with only 10 out of
80 fake posts correctly identified.

6. Discussion
6.1. Monolingual vs. Multilingual Transformers

The most striking result of this experiment is that RuBERT (macro F1 = 0.882) performs
better on this largely Russian corpus compared to XLM-RoBERTa (macro F1 = 0.876).
The margin (A0.006 F1) is modest, but is consistent across all metrics, and is in accord
with the theoretical expectation that language-specific pretraining will better capture the
morphological, lexical, and syntactic patterns of a target language than a model trained
across 100 languages with a proportionally reduced Russian-language capacity. Russian
has a morphologically rich language with complex inflectional paradigms, and a dedicated
pretraining corpus provides deeper coverage of these patterns than a multilingual model
can at comparable parameter counts.

This finding has practical implications for model selection in low-resource settings: in
the case where the target language is well-resourced and a monolingual pretrained model
is available, it should be preferred over multilingual alternatives, even when the corpus
may contain occasional code-switching. The small amount of Kazakh text in our corpus
was not enough to overcome the benefit of Russian-specific pretraining.

6.2. Classical vs. Deep Learning Approaches

Competitive results of TE-IDF + Logistic Regression (0.851 F1) against both transform-
ers confirm that lexical patterns at the surface level are highly discriminative in spite of
structural debiasing. The character-level n-gram component of the TF-IDF representation
is especially useful for capturing morphological patterns in Russian, where inflectional suf-
fixes can carry significant semantic information. The difference between TE-IDF and the best
transformer (RuBERT) is approximately 3 F1 points—meaningful but not overwhelming—
indicating that the contextual modeling benefit of transformers is partially counterbalanced
by the small amount of training data.

The poor performance of FastText (0.757 F1) implies that fixed subword embeddings,
without access to large pretrained corpora and contextual modeling, cannot be relied
upon to perform this task. The use of character n-gram averaging by FastText lends some
morphological robustness, but at the cost of semantic depth in comparison with either
n-gram matching or contextual transformer representations.

6.3. Source Bias and Dataset Design

One of the key contributions of this work is a clear identification and reduction of
source bias in datasets based on fact-checking. In initial experiments with a single-source
real class (Tengrinews only) and no structural cleaning, all models had substantially higher
performance: TF-IDF + LR reached 0.95 F1, FastText 0.91 F1, XLM-RoBERTa 0.98 F1, and Ru-
BERT similarly inflated results. Such findings were motivated by models that learned to
differentiate the structural and stylistic templates of the two source channels rather than
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detecting actual misinformation cues. The fact-checking articles of Factcheck.kz are written
in a distinctive format: they start with interrogative clauses (Ilpasza s, 4ro...), they
use viral framing words (8 ceTu pacupocrpanniocs), and maintain a consistent analytical
structure that provided a trivial source-identity shortcut.

Performance in all models decreased by approximately 10 percentage points after
applying structural cleaning and constructing a two-source real class, due to the elimination
of the shortcut signals and the increased complexity of the task. The remaining performance
variations across models can now be ascribed to actual variations in representational
capacity. This result highlights the need to carefully design datasets in low-resource
settings: high accuracy on a poorly constructed benchmark can significantly overestimate
actual performance.

6.4. LLM Zero-Shot and Few-Shot vs. Fine-Tuned Models

The main question that drives the LLM experiment is whether a general-purpose large
language model can be used to replace task-specific training in a low-resource, Russian-
language misinformation detection environment. The findings indicate an informative and
clear gap between prompt-based and fine-tuned methods.

Zero-shot Llama 3.1 8B scored only 0.4522 macro F1—the lowest score of all six models
tested. Analysis of the per-class statistics in Table 9 reveals the root cause: the model
correctly classified 98% of real posts but detected only 12% of fake posts, failing in the
absence of any task-specific guidance. This behavior illustrates a documented tendency of
instruction-tuned LLMs to prefer plausible, non-alarming classifications when the prompt
provides no calibration for the local label distribution. The inherent knowledge of the
model was not enough on this corpus, where fake posts are brief declarative statements
without the interrogative framing that LLMs may associate with misinformation.

The few-shot setting (six examples: three real, three fake) yielded a significant improve-
ment: macro F1 increased from 0.4522 to 0.6601, a gain of 0.208 F1 points. The in-context
examples successfully recalibrated the model classification boundary towards the local
label distribution (fake recall improved from 0.12 to 0.42). Nevertheless, the real-fake recall
asymmetry persisted (real recall 0.94 vs. fake recall 0.42 in Table 10), indicating that six
examples are not enough to completely overcome the prior bias of the model.

Importantly, even the few-shot result (0.6601 F1) is worse than FastText (0.7572 F1)—the
weakest trained model in our benchmark. This result highlights that for Russian-language
short-text classification with a balanced and debiased dataset, fine-tuning on even a small
number of labeled examples (643) represents a decisive advantage over general-purpose
LLM prompting. The difference between the best LLM setting and the best fine-tuned
model (RuBERT, 0.8819 F1) is 0.222 F1 points—equivalent to a 25% relative improvement
from training.

In practical terms, LLM-based classification can be valuable when there are no la-
beled examples and a coarse signal is sufficient. Nonetheless, in a scenario where a
production misinformation detection system requires high precision on the fake category,
fine-tuned models are strongly preferable. The findings also point to a language-specific
issue: Llama 3.1, despite being multilingual, has significantly less Russian-language cov-
erage than RuBERT, which may also contribute to its weaker performance on this largely
Russian corpus.

6.5. Implications for Low-Resource Misinformation Detection

There are a number of practical implications of these results. First, the debiasing
methodology presented here—structural cleaning combined with multi-source real class
construction—provides a replicable framework for future dataset construction in low-
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resource settings. Second, the performance difference between RuBERT and XLM-RoBERTa
indicates that practitioners ought to prioritize language-specific pretrained models when
available, instead of defaulting to multilingual alternatives. Third, the 10+ point perfor-
mance difference between biased and debiased evaluation settings serves as a warning
sign: unless explicit source bias controls are implemented, benchmark results on fact-check-
derived datasets may substantially overestimate real-world model performance.

Error analysis shows that misclassifications occur most often on short fake claims that
do not follow a typical fact-checking interrogative structure—such as direct declarative
false statements—and on genuine news posts containing hedging language or uncertainty
markers that typically accompany unverified claims. These instances point to the inherent
challenge of disentangling content-based cues and stylistic noise in short social media texts.

7. Conclusions

This study introduced a cleaned and debiased dataset of 804 Kazakh—Russian Telegram
messages for fake news detection and systematically addressed the source bias problem that
inflates performance in fact-check-derived benchmarks. By removing structural boilerplate
patterns from Factcheck.kz posts and constructing a two-source real class combining
Tengrinews posts with verified “IIpasna” verdicts from Factcheck.kz, we eliminated source-
identity shortcuts and produced a more realistic evaluation setting.

Experiments with six approaches—TF-IDF + Logistic Regression (0.8508 macro F1),
FastText (0.7572 macro F1), XLM-RoBERTa (0.8757 macro F1), RuBERT (0.8819 macro F1),
Llama 3.1 zero-shot (0.4522 macro F1), and Llama 3.1 few-shot (0.6601 macro F1)—yield
four key findings. First, RuBERT outperforms XLM-RoBERTa, demonstrating that Russian-
specific pretraining provides a consistent advantage over multilingual pretraining on this
predominantly Russian corpus. Second, classical TF-IDF methods remain competitive with
transformer-based approaches on small datasets, closing to within 3 F1 points of the best
model. Third, all models showed inflated performance (up to 0.98 F1) in biased preliminary
experiments, confirming that source bias is a serious and underreported threat to validity
in fact-check-derived datasets. Fourth, Llama 3.1’s zero-shot (0.4522 F1) and few-shot
(0.6601 F1) results demonstrate that while few-shot prompting significantly improves over
zero-shot (+0.208 F1), fine-tuned models maintain a decisive advantage, highlighting the
data-efficiency frontier for this low-resource task.

The study makes four contributions to misinformation research: (1) introducing a
Telegram-specific, culturally grounded Kazakh—Russian corpus with explicit source bias
controls; (2) providing the first direct comparison of monolingual Russian BERT versus mul-
tilingual XLM-RoBERTa for Kazakh-Russian fake news detection; (3) demonstrating that
language-specific pretraining outperforms multilingual pretraining on Russian-dominant
low-resource corpora; and (4) establishing a zero-shot and few-shot LLM baseline that
quantifies the data-efficiency frontier—the performance achievable with zero versus six
labeled examples versus hundreds of fine-tuning samples.

Several limitations remain. The dataset is relatively small (804 samples), and the
predominance of Russian-language content limits coverage of Kazakh-language misinfor-
mation. The fake class draws exclusively from a single fact-checking source (Factcheck.kz),
which may not capture the full diversity of misinformation styles circulating on Kazakh
Telegram. The current approach relies solely on textual features, leaving multimodal signals
(images, metadata, propagation patterns) unexplored.

Future work will focus on expanding the dataset with more diverse sources, increasing
Kazakh-language representation, and incorporating multimodal features. Fine-tuning a
KazBERT or domain-adapted RuBERT model on Kazakh-Russian social media text may fur-
ther improve performance on morphologically complex and code-switched content. Cross-
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platform evaluation—testing models trained on Telegram data against misinformation from
other platforms—would provide a more comprehensive assessment of generalizability.
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