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Abstract. This study investigates the development and performance evaluation of
transformer-based models for the automatic classification of public transportation passenger
reviews, aiming to enhance feedback processing while optimizing issue resolution. Efficient
handling of passenger feedback is crucial for improving public transportation services, as
unresolved complaints or operational inefficiencies can decrease passenger satisfaction and
create logistical challenges. Traditional text classification approaches, such as keyword-based
methods or classical Machine Learning (ML) algorithms, struggle with multilingual and
heterogeneous textual data, particularly in low-resource languages. This study addresses this gap
by systematically comparing transformer-based architectures for review classification in Russian
and Kazakh, demonstrating their effectiveness in real-world applications. A key contribution of
this research lies in evaluating both language-specific and multilingual transformers on
passenger-generated feedback, offering insights into their generalization capabilities. Unlike
previous studies, which predominantly focus on English-language datasets, this work introduces
a newly created, manually labeled dataset covering diverse real-world scenarios in Russian and
Kazakh, enabling an objective comparative analysis. Three transformer models
DeepPavlov/rubert-base-cased, XLM-RoBERTa-base, and XLM-RoBERTa-large were trained
and tested to assess their ability to process complex multilingual input. Experimental results
indicate that XLM-RoBERTa-large achieves the highest classification accuracy (90%),
particularly for code-mixed and multilingual reviews, whereas rubert-base-cased performs
consistently well for Russian-language feedback (87.667%), reinforcing its suitability for
monolingual classification tasks. XLM-RoBERTa-base exhibits a balanced trade-off between
accuracy and robustness, making it a viable option for heterogeneous review processing (89.5%).
Despite their effectiveness, transformer-based models still encounter challenges related to data
balancing and the handling of underrepresented classes, particularly in scenarios with uneven
language distributions or domain-specific terminology. These findings confirm that transformer
models significantly enhance the automation of passenger feedback classification, providing a
scalable solution for public transportation providers.

Keywords: Natural language processing, text classification, Transformers, BERT,
DeepPavlov, XLM-RoBERTa, passenger feedback review, multilanguage modeling.

Introduction.
As the number of public transport passengers increases, so does the volume of passenger
appeals require prompt processing by support services. Until recently, in many vehicle fleets in
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Astana, Kazakhstan, passenger reviews were manually analyzed by employees who read the text
of the appeal or complaint, assessed its content, and forwarded it to the relevant department. This
process demanded significant time and human resources, particularly during peak periods, leading
to delays in processing and reduced passenger satisfaction. Advances in Artificial Intelligence (Al)
and Natural Language Processing (NLP) have significantly enhanced the automation of passenger
feedback analysis. Social media-based sentiment analysis has proven effective for assessing public
transportation satisfaction, offering real-time insights that supplement traditional survey methods
[1-2]. Additionally, data-driven approaches such as big data analytics and systematic complaint
management have demonstrated the potential to optimize public sector responsiveness and service
efficiency, particularly in bus transportation networks [3-4].

Previous research has applied traditional ML methods, such as SVM, Naive Bayes, and
Decision Trees, for text classification tasks in transport-related NLP [5-10]. For instance, [9]
utilized an SVM classifier to process sentiment analysis of public transportation feedback from
Twitter, achieving high accuracy on well-structured data. However, these models struggle with
informal and code-mixed language, which is common in passenger complaints. Similarly, [6]
demonstrated that Naive Bayes is effective for classifying short text reviews, such as product
reviews from Amazon, but struggles with generalization when applied to multilingual corpora,
limiting its real-world applicability. Moreover, traditional ML models often require extensive
feature engineering, making them less adaptable to real-world datasets that exhibit high linguistic
variability.

Despite their widespread use, these methods exhibit significant limitations. Manual feature
selection in traditional machine learning models relies on predefined linguistic patterns, failing to
capture deep semantic relationships within the text, which limits their adaptability to complex
language structures. Additionally, these models struggle to generalize across different datasets,
particularly in multilingual settings, where linguistic variations and code-mixing introduce
additional challenges. Furthermore, classical ML approaches are inefficient in handling noisy text,
as passenger feedback is often short, informal, and contains abbreviations, leading to reduced
classification accuracy and reliability in real-world applications.

To address the limitations of traditional machine learning approaches, modern NLP
techniques employ deep learning architectures, particularly neural networks that automatically
extract feature representations from text [11-13]. Recent advancements in deep learning have led
to the development of transformer-based architectures, such as BERT and its multilingual
adaptations, which have demonstrated superior performance in various text classification tasks
[11-13]. Unlike classical methods, transformers utilize self-attention mechanisms that enable them
to capture long-range dependencies and contextual nuances. Research indicates that BERT-based
models generally surpass traditional machine learning techniques in multilingual text
classification, particularly in tasks requiring nuanced contextual comprehension [12]. However,
transformer models still face challenges in transport-related multilingual NLP applications. For
instance, while MBERT exhibits strong performance in resource-rich languages, its effectiveness
declines in low-resource and code-mixed settings due to limited training data and increased
linguistic variability [14]. Similarly, while XLM-RoBERTa has been shown to enhance
multilingual adaptability, it relies heavily on extensive labeled data for fine-tuning, which remains
scarce for Kazakh [15]. DeepPavlov’s ruBERT, optimized for Russian-language processing,
achieves high accuracy in monolingual tasks; however, its applicability in handling mixed
Russian-Kazakh text remains uncertain [14]. These challenges underscore the necessity of
systematically evaluating transformer models to determine their suitability for real-world
multilingual transport feedback classification.

Existing research on public transport feedback classification has predominantly focused on
English-language corpora, with studies utilizing sentiment analysis and social media data to
evaluate passenger satisfaction and service quality [1]. Some research has extended this approach
to other languages, such as Spanish, as seen in studies conducted in Santiago, Chile, where Twitter
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data was analyzed to infer user sentiment regarding public transportation [2]. However, these
methods primarily rely on structured datasets and high-resource languages, limiting their
applicability in multilingual or low-resource settings. Meanwhile, other studies have explored
data-driven techniques to optimize complaint processing in public transport systems [3-4],
focusing on operational efficiency rather than addressing the linguistic complexities associated
with multilingual passenger feedback. Studies addressing transport-related NLP in
underrepresented languages are virtually nonexistent, despite the increasing demand for
multilingual Al applications in public services. While general-purpose multilingual NLP research
has progressed [14-15], there are no established benchmarks or large-scale annotated datasets for
transport-related multilingual classification, particularly in Kazakh and Russian-Kazakh mixed
text. This lack of dedicated datasets and evaluations makes it difficult to determine which
transformer models are most suitable for processing real-world passenger feedback in multilingual
settings.

This study addresses this gap by introducing a novel dataset of real-world passenger reviews
in Russian, Kazakh, and mixed-language text, which has been manually annotated for supervised
classification. Unlike previous datasets used for transport-related NLP, which predominantly focus
on English-language complaints [1], this dataset offers the first systematically annotated
multilingual corpus for transport-related feedback in a low-resource setting. It captures linguistic
challenges such as code-mixing, informal phrasing, and orthographic variations, ensuring a more
realistic evaluation of transformer-based architectures for real-world applications in multilingual
public transport services.

Unlike previous research, which primarily focuses on monolingual text classification, our
study provides a systematic comparison of multilingual and Cyrillic-specific transformers,
highlighting their strengths and limitations for passenger feedback categorization. The findings of
this study serve as a foundation for further research in multilingual NLP and contribute to the
development of real-world applications for automatic feedback routing in transport companies.

Materials and methods. The automation of text classification processes is an important area
of applied research, particularly in the domain of feedback analysis. One of the key factors
influencing the success of such research is the availability of real-world datasets, which are
essential for training robust ML models. This study utilizes a unique dataset of passenger reviews
provided by a public transportation company in Astana, Kazakhstan, covering user-generated
feedback from the year 2023. The dataset was compiled from passenger appeals submitted through
the official communication channels of the transport company, including mobile applications,
customer support hotlines, and online complaint forms. These appeals contain a diverse range of
feedback types, reflecting real-world passenger experiences and concerns. However, as the raw
data was not pre-labeled, it required manual annotation to create a structured dataset suitable for
model training, ensuring high-quality labeling and reliable classification. To ensure linguistic and
contextual accuracy, the annotation was performed by researchers specializing in NLP and
transportation systems. This process involves carefully assigning reviews to predefined categories
while considering linguistic features, contextual meaning, and variations in multilingual content.
To improve consistency, annotations were systematically reviewed and refined, minimizing
potential discrepancies. This structured approach ensures that passenger reviews are accurately
categorized, facilitating efficient processing and automatic redirection to relevant departments.

The dataset includes passenger complaints of varying lengths, from brief statements to
detailed descriptions. To improve processing efficiency, complaints were categorized by word
count: short (<5 words), medium (6—20 words), and detailed (>20 words). Figure 1 shows that
detailed complaints dominate, followed by medium-length ones, while short complaints are rare.
This classification aids optimization, allowing automated handling of short complaints and manual
review of detailed cases requiring escalation.

69



Ne3(38) AAA XKAPLbICHI

1342

1053
103 1

10]‘ R

Number of Complaints

10! 4

5

.

Detailed Medium Short
Complaint Type

Figure 1 — Distribution of complaints by length

A distinctive feature of this dataset is its multilingual nature, as the reviews are written in
both Russian and Kazakh, introducing additional challenges in text processing. Multilingual
content variations complicate classification, as passengers may switch between languages within
a single review, necessitating models capable of handling code-mixed text. Additionally, the
dataset contains syntactic errors and informal language, including abbreviations, typos, and non-
standard phrases, further increasing the complexity of text analysis. In some cases, reviews lack
sufficient context, making it difficult to accurately determine user intent without context-aware
classification methods. Addressing these challenges requires advanced NLP techniques,
particularly transformer-based architectures, to improve classification accuracy and enhance the
efficiency of automated complaint handling systems.

At table 1 provides an overview of selected complaints that illustrate varying degrees of literacy
and informativeness in both Kazakh and Russian. These examples further highlight the linguistic
diversity and challenges in processing such a dataset for automated classification purposes.

Table 1 — Selected reviews by literacy and informativeness levels
Literacy & Informativeness | Language | Example complaint

Level
High literacy, highly Kazakh "N mapuipyt, 07:15-08:15, KK name
informative asuIIaMachlH/IA KYTTIK, Mapa KaObUTIaHbI3."
Russian | "Mapupyt NeN. B BeuepHee Bpemst 0kuIaHNe
MapuipyTta 6oJiee IByX 4acoB, HET OCBEILIEHHS.
[IpocuM HanaguTh rpaduk aBuxeHus!"
Medium literacy, moderately | Kazakh | "N mapuipyt, name yHUBEpCUTET asiijaMachlHaH
informative name OarbitTa 18:15-18:46 )0K. ABTOOYC Here
Keuririn xyp?"
Russian "ABTOOYyC NeN, 2 sKeHIIMHAM CTaJIO TUIOXO M3-3a

naBkd. [IpocuM mepecMoTpeTs KOJIMYECTBO
MapuIpyToB B yachl MuK!"

Low literacy, low Kazakh "Asngamana KyTTiK, aBTOOYC JKOK, Here?"
informativeness

Russian "X nan, sxnan N-it aBToOyc, He mpuexain. Yro 3a
o6ecniopsiok?!"
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Code-mixed (Kazakh & Mixed ")Xypri3ymri He 0OCTaHOBWIICS Ha OCTaHOBKE,
Russian) x0Ts1 013 KyTKeH 20 MUHYT. 9TO HOpMaJIbHO?"
Mixed "N m/a [lobpoe ytpo! 3anycTute
JOTIOJTHUTEbHBIC MapmpyThl N aBToOyca. by
MYMKIH eMec, aiaMJap ChIAMaiIbl, eCiKTep
*aOblIMaiiel. To TBEpH BBUIAMBIBAIOTCS B
aBTOOYCax M3-3a OOJIBIIOr0 KOJTUYECTBA JIIOACH.
[ToTom mpuxoIUTCS KAaTh aBTOOYC U
onaszJpIBaTh Ha padoTy!"

Literacy & Informativeness Language | Example complaint

Level

High literacy, highly Kazakh "N mapmpyt, 07:15-08:15, KK name
informative asuIIaMachlH/IA KYTTIK, Mapa KaObUAaHbI3."

Russian "Mapuipyt NeN. B BeuepHee Bpemsi oxxugaHue
Maplipyra 0osee JByX 4acoB, HET OCBELICHHUS.
[Ipocum HamanuTh rpaduk nBrKeHHs!"

The classification categories were determined through content analysis of the dataset and
evaluation of the most frequently occurring themes. This structured categorization ensures that
feedback is systematically forwarded to the relevant operational units. Seven distinct categories
were identified:

1) Transport problems — Complaints related to route delays, vehicle overcrowding,
breakdowns, and bus shortages. These issues constitute a significant proportion of all feedback,
requiring immediate action to maintain the stability of transportation services.

2) Personnel problems — Reports concerning driver misconduct, reckless driving, or
improper behavior of inspectors. These complaints highlight the need for improved staff training
and adherence to service quality standards.

3) Bus stop infrastructure — Issues related to damaged or missing shelters, broken
information boards, and the absence of heated waiting areas. Addressing these concerns is essential
for enhancing passenger comfort and accessibility.

4) Equipment faults — Reports on technical failures of onboard systems, such as non-
functional validators, heating units, and digital information displays. These reviews emphasize the
importance of regular vehicle maintenance and technical inspections.

5) Acknowledgments, Praise — Positive feedback regarding driver professionalism,
improved route efficiency, and overall service enhancements. This category helps identify
successful operational strategies and recognize high-performing staff.

6) Organizational and technical problems — Complaints about errors in route maps, issues
with public transport card top-ups, and a lack of real-time scheduling information. These reviews
suggest a need for better organizational planning and improved passenger communication.

7) Other complaints — Feedback that does not fit neatly into the defined categories or
overlaps multiple issues. This category highlights the diversity of passenger concerns and the need
for flexibility in automated classification systems.

While the dataset is highly informative, several limitations must be considered. Data
imbalance presents a challenge, as certain categories, such as “Other complaints”, contain
significantly fewer samples than major categories like “Transport problems”, potentially affecting
model performance. Additionally, noise in the data, including spelling errors, slang, and informal
expressions, complicates classification and may necessitate data preprocessing techniques to
improve accuracy. Contextual ambiguity is another concern, as some reviews lack explicit details,
requiring context-aware NLP models to accurately infer user intent. Finally, the dataset exhibits
domain specificity, as it is sourced from a single transport company in Astana, meaning findings
may not be directly generalizable to other cities or transportation networks without further
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validation.

Unlike most publicly available transport-related review datasets, which are predominantly
monolingual and focus on English-language feedback, this dataset presents a unique multilingual
perspective, covering passenger-generated content in Russian and Kazakh. This makes it
particularly valuable for developing NLP models tailored to low-resource languages and
improving multilingual feedback classification in the public transportation domain.

Table 2 presents the distribution of annotated reviews across the training and test datasets.
The dataset consists of 2,400 manually labeled reviews, with 1,800 allocated for training and 600
for testing.

Table 2 — Distribution of annotated reviews by category and their division into training and
test datasets

No. Name of class Number of.ar'motated reviews
Total Training dataset | Test dataset
0 Transport problems 1214 910 304
1 Personnel problems 605 454 151
2 Bus stop infrastructure 175 131 44
3 Equipment faults 157 118 39
4 Praise 117 88 29
5 Organizational and 104 78 26
technical problems

6 Other complaints 28 21 7

TOTAL 2400 1800 600

Models. Modern language models based on the Transformer architecture demonstrate high
efficiency in NLP tasks. In this study, we explore the following transformer-based language
models: DeepPavlov/rubert-base-cased, XLM-RoBERTa-base, and XLM-RoBERTa-large.

The DeepPavlov/rubert-base-cased model is a Russian-language adaptation of BERT,
developed as part of the DeepPavlov project [14]. It has been trained on a large corpus of Russian-
language texts, including Wikipedia, news articles, and other open sources. The primary advantage
of this model is its ability to process text while considering morphological and syntactic features
of the Russian language, making it a strong choice for monolingual tasks [14]. An additional
advantage is its support for pretraining on specialized datasets, allowing for adaptation to specific
domains. In this study, rubert-base-cased was further trained on a manually labeled passenger
feedback dataset containing texts in both Russian and Kazakh. This adaptation improved its
performance in a multilingual environment, enhancing classification accuracy.

In contrast, XLM-RoBERTa-base is a multilingual model developed by Meta Al, designed
to process texts in over 100 languages, including Russian and Kazakh. Its architecture is based on
a multi-headed attention mechanism, enabling it to capture complex dependencies between words.
The model employs the Byte-Pair Encoding (BPE) tokenization method, which enhances its
robustness against spelling errors and syntactic variability, a particularly valuable feature when
dealing with heterogeneous data [15].

The extended version of this model, XLM-RoBERTa-large, has a greater number of
parameters and a deeper network, leading to higher accuracy in processing complex linguistic
structures. Due to its increased number of layers and attention heads, the model demonstrates
improved context understanding, particularly in tasks involving multilingual text analysis [15].

Table 3 summarizes the key architectural features of these models. These parameters directly
impact computational efficiency and the model’s ability to process texts of varying length and
complexity. While a greater number of layers and parameters enhances performance, it also
increases computational requirements.
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Table 3 — Key features of the models

Model Name DeepPavlov/rubert- XLM-RoBERTa-base | XLM-RoBERTa-large
base-cased

Number of layers 12 12 24

Size of hidden 768 768 1024

layer

Number of 12 12 16

attention heads

Number of ~ 110 million ~ 270 million ~ 550 million

parameters

Max. length of 512 512 512

input sequence

Experiments. In our experiment, the three selected models were fine-tuned on the dataset
described above. The data was split with 75% allocated for training and 25% for testing, while
maintaining class balance across all categories. This distribution ensured that each feedback
category was equally represented in both the training and test sets, allowing for an unbiased
evaluation of the models' performance across the seven predefined categories.

Training was conducted over three epochs using the fine-tuning method on pre-trained
transformer models. The optimizer used was AdamW with a learning rate of 2e-5. For training the
models, a maximum input sequence length of 256 tokens was used, ensuring a balance between
computational efficiency and the quality of text processing. The optimal batch size during the
experiments was determined to be 16, which accelerated the training process while maintaining
stable gradient descent parameters. During training, the data was shuffled to prevent sequential
dependencies, while the test set remained fixed to ensure reproducibility of results.

To assess the quality of classification, several evaluation metrics were utilized, including
Accuracy, Macro Average F1-score, Weighted Average F1-score, Precision, and Recall. Accuracy
serves as an indicator of the overall performance of the classification model across all categories.
The Macro Average F1-score reflects the unweighted mean of the F1-scores across all categories,
making it particularly relevant for handling class imbalance and evaluating the model's
performance on underrepresented categories. In contrast, the Weighted Average F1-score provides
a more comprehensive measure of overall performance by accounting for the proportion of
samples in each category, ensuring that the evaluation reflects the real-world distribution of data.
Precision and Recall were analyzed for key categories to assess the model's effectiveness in
minimizing false positives and capturing true positives. The experimental results, summarized in
Table 3, present a comparative analysis of the models for review classification in a multilingual
environment, highlighting their respective strengths and limitations.

Results and their discussion.

As shown in Fig. 2, DeepPavlov/rubert-base-cased model testing demonstrated high
accuracy for categories with a large amount of data, such as ‘Transport problems’ and ‘Personnel
problems’. However, for sparse categories such as ‘Praise’, the F1-score remains low due to the
insufficient number of examples in the training set. This result aligns with expectations, as models
trained on imbalanced datasets tend to prioritize high-frequency classes, leading to suboptimal
performance in underrepresented categories.
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precision recall fl-score support

Transport problems ©.938258 0.92763 ©.95431 304
Personnel problems ©.80899 0.95364 ©.87538 151

Bus stop infrastructure @.82759 ©.9230e8 @.87273 26
Equipment faults ©.64286 ©.62069 ©.63158 29

Praise 1.20000 0.28571 ©.44444 7

Organizational and technical ©.91176 ©.7@455 ©.79487 44
Other complaints 2.59524 0.641e3 ©.61728 39
accuracy ©.387667 600

macro avg ©.82414 ©.72233 ©.74151 600

weighted avg ©.88559 ©.87667 ©.87577 600

Figure 2 — Model results: DeepPavlov/rubert-base-cased

The confusion matrix shown in Fig. 3 provides a detailed breakdown of prediction errors
and confirms the high performance in 'Transport problems' and 'Personnel problems' categories
while highlighting misclassifications in the 'Praise’ and 'Other complaints' categories. These
misclassifications suggest that DeepPavlov/rubert-base-cased struggles with classes that exhibit
greater linguistic variation and fewer training examples.
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Figure 3 — Confusion Matrix for DeepPavlov/rubert-base-cased

According to the results shown in Fig. 4, the XLM-RoBERTa-base model also showed high
accuracy for categories with a large amount of data: ‘Transport problems’ and ‘Personnel
problems’. However, for low-resource categories such as ‘Praise’, the FIl-score remains
suboptimal due to the limited availability of training examples. Notably, XLM-RoBERTa-base
exhibited a slight advantage over the DeepPavlov/rubert-base-cased model in the category '‘Bus
stop infrastructure’, suggesting that it is more effective in capturing context in multilingual texts.
In the category ‘Equipment faults’ the difference was insignificant, indicating that both models
face similar difficulties in handling such complaints. The category 'Other complaints' also showed
a slight advantage for XLM-RoBERTa-base, which may indicate its improved ability to handle
heterogeneous and multi-thematic reviews. In general, both models perform well in processing
large categories of reviews, but XLM-RoBERTa-base demonstrates superior performance in
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handling complex and heterogeneous texts, while DeepPavlov/rubert-base-cased is more

consistent in Russian-language contexts.
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Figure 4 — Model results: XLM-RoBERTa-base

The confusion matrix in Fig. 5 provides a detailed visualization of classification
performance, indicating the number of correctly classified reviews and misclassifications. This
analysis allows for a deeper understanding of the model's strengths and areas for improvement,
particularly in handling underrepresented classes.
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Figure 5 — Confusion Matrix for the XLM-RoBERTa-base model

The test results of the XLM-RoBERTa-large model, shown in Fig. 6, demonstrated high
accuracy for most categories, especially for classes with large amounts of data. The categories
‘Transport problems’ and ‘Personnel problems’ showed strong results, indicating the model’s high
ability to handle common types of reviews. Additionally, XLM-RoBERTa-large showed
significant improvements in the classification of categories such as ‘Bus stop infrastructure’ and
‘Organizational and technical problems’, suggesting that it better captures contextual nuances in
multilingual data.
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precision recall fl-score support

Transport problems ©.95146 ©.96711 ©.95922 304
Personnel problems ©.89744 ©.92715 ©.91205 151

Bus stop infrastructure ©.92000 ©.88462 ©.90196 26
Equipment faults ©.72414 ©.72414 @.72414 29

Praise @.66667 0.85714 ©.75000 7

Organizational and technical ©.80952 ©.77273 @.7%07@ 44
Other complaints ©.73333 0.56410 ©.63768 39
accuracy 2.90000 600

macro avg @.81465 ©.81385 @.81082 600

weighted avg ©.89760 0.90000 ©.89781 600

Figure 6 — Model results: XLM-RoBERTa-large

Despite the overall improvement in accuracy, the model displayed varying results when
processing certain categories. For instance, the ‘Praise’ category achieved an F1-score of 75.00%,
which is significantly better than previous models but still indicates room for improvement due to
the small dataset size. Meanwhile, the ‘Organizational and technical problems’ category showed
notable progress, achieving an Fl-score of 79.07%, reflecting the model’s enhanced ability to
capture context in this category. Additionally, the F1-score for ‘Bus stop infrastructure’ reached
90.00%, highlighting the model’s ability to process multilingual data with complex context. The
confusion matrix in Fig. 7 provides a comprehensive view of classification performance across all
categories, highlighting both the model's strengths and areas requiring further optimization.
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Figure 7 — Confusion Matrix for the XLM-RoBERTa-large model

Comparing XLM-RoBERTa-large with XLM-RoBERTa-base and DeepPavlov/rubert-base-
cased, the former demonstrated superior performance in accuracy and F1-score across most
categories. The improvement is particularly evident in the ‘Bus stop infrastructure’ category,
where XLM-RoBERTa-large achieved an F1-score of 90.20%, emphasizing its stronger ability to
capture contextual nuances in multilingual texts. This improvement can be attributed to XLM-
RoBERTa’s cross-lingual training on diverse multilingual corpora, which enables better
generalization across languages. Unlike DeepPavlov/rubert-base-cased, which is optimized
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specifically for Russian, XLM-RoBERTa-large effectively processes both Russian and Kazakh
text, reducing errors in code-mixed reviews.

The overall accuracy of XLM-RoBERTa-large was 90.00%, the highest among all tested
models, which underscores its enhanced capacity to handle complex and multilingual data. The
high weighted F1-score of 89.78% suggests that the model performs well on dominant categories,
while the improved macro-average Fl-score of 81.80% indicates better generalization across
underrepresented classes. In contrast, XLM-RoBERTa-base achieved a lower macro-average F1-
score, reflecting difficulties in handling imbalanced categories such as ‘Praise’ and ‘Other
complaints’. This highlights that while all models perform well on frequent categories, XLM-
RoBERTa-large demonstrates a superior ability to balance classification across all categories,
making it the most effective model in a multilingual setting.

As shown in Table 4, DeepPavlov/rubert-base-cased demonstrated consistent performance
in processing Russian-language texts, particularly in high-frequency categories like ‘Transport
problems’ and ‘Personnel problems’. This can be attributed to the model’s architecture, which is
specifically fine-tuned for Russian, allowing it to capture linguistic nuances more effectively.
However, its performance in rarer categories such as ‘Praise’ remained limited, likely due to
overfitting on dominant classes and difficulties in generalizing to low-resource categories.
Meanwhile, XLM-RoBERTa-base delivered comparable accuracy, with the added advantage of
effectively handling Kazakh texts and complex reviews due to its multilingual architecture.
Overall, XLM-RoBERTa-large, with its more advanced architecture, provided the best
performance by achieving a macro-average F1-score of 81.80% and a weighted average F1-score
of 89.78%, particularly excelling in the ‘Organizational and technical problems’ and ‘Bus stop
infrastructure’ categories.

Table 4 — A comparative analysis of the models for the classification of reviews in a
multilingual environment

Metrics DeepPavlov RUBERT | XLM-RoBERTa Base XLM-RoBERTa
Large

Accuracy 87.667% 89.500% 90.000%
Macro Avg (F1- 74.151% 69.336% 81.802%
score)
Weighted Avg 87.577% 88.619% 89.781%
(F1-score)

Conclusion.

Experimental results demonstrated that leveraging Transformer-based models for
automated classification of public transport passenger feedback yields high accuracy. However,
analysis highlighted disparities in model performance due to variations in architectural design and
multilingual data processing capabilities. A comparative evaluation of the tested models revealed
that rubert-base-cased exhibits strong performance when processing Russian-language feedback,
particularly in large categories. Following pre-training on Kazakh-language datasets, their
effectiveness in multilingual contexts improved but still lagged behind XLM-RoBERTa models
in handling sparse categories. XLM-RoBERTa-base outperformed in complex classification tasks
due to its multilingual structure but encountered challenges with underrepresented categories.
XLM-RoBERTa-large achieved the highest overall accuracy across categories but required
significantly greater computational resources. Generally, XLM-RoBERTa-based models excelled
in multilingual recall, whereas DeepPavlov/rubert-base-cased, despite enhanced Kazakh-language
pre-training, maintained superior consistency in Russian-language classification but struggled
with intricate multilingual contexts. The results confirmed that Transformer-based models provide
an effective framework for automatic classification of multilingual passenger complaints. While
all models demonstrated high accuracy in major categories, improvements in handling rare

77



Ne3(38) AAA XKAPLbICHI

complaint types remain necessary. Potential enhancements include expanding data representation
for sparse categories, implementing data augmentation techniques, and applying ensemble
methods to boost model resilience. Another promising avenue involves pre-training models on
extensive domain-specific corpora of Kazakh texts to refine multilingual classification accuracy.
Future research should prioritize advancing adaptation strategies for low-resource languages,
optimizing data balancing techniques, and investigating hybrid architectures that integrate
linguistic and domain-specific knowledge. Moreover, refining pre-training methodologies and
enhancing model robustness against linguistic variability will be critical for improving
classification efficiency in real-world multilingual feedback processing.
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TPAHC®OPMEP MOJEJIbAEPI APKBIJIbI )KOJIAYIIBIJIAP ITIIKIPJIEPIH
KIKTEY: RUBERT )KOHE XLM-ROBERTA MOJAEJIbJAEPIHIH KOJITAHBICbI

AHnoamna. Byn 3epmmey K02aMObIK KONIK JHCONAYULLLIAPBIHGIY RIKIPIEPIH a8moMammol
mypoe dcikmey yuin mpauncgopmep He2izinoeei Mooenvboepoi a3ipiey Hcare 01apObly OHIMOLLICIH
baganayza 6azeimmanzan. Maxcamei - nikipiepoi oy0eyoi Hcemindipy sHcane macenenepoi weulyoi
oymainanovipy. Konayuwliapoviy Kepi OaillaHblcblh MUiMOi 6HOey - KO2aMOblK KOk
Kbl3Memmepin — HcaKkcapmyovly Mauwl3obl 0Oonici, cebebi wewiimezen WablMoap MeH
onepayusIbl MUiMCI30iK  JHCONAYUBLIAPObIY KAHARAMMAHYbIH MOMEHOemin, J102UCMUKATbIK
KUblHObIKmapea axenyi Mymin. Kinmceosoepee wnecizOencen 20icmep Hemece KIACCUKANBIK
Mawunanvlk okeimy (ML) ancopummoepi cusikmol 0ocmypii Momin Jcikmey macindepi konminoi
JHCIHe apMYpai MOMIHOIK OepeKmepMeHt, acipece pecypcyl ulekmeyii miioepoe HCymouic icmeyoe
KublHObIKmMapea man 601aosl. byn sepmmeyde amanzan macene opuvic sxcane Kazax mindepinoezi
RIKipepoi Jicikmeyoezi mparHchopmMamopivlK apxumeKmypaiapobl JHcyteni mypoe CaiblCmoipy
apKuLIbl wewineoi, o1apobly HaKMbl KOI0AHbICMAbl MUIMOLIIIH Kopcemedi. 3epmmeyoin bacmul
yaeci - oiconayubliapovly — niKipaepi  Heeizinoe minee  Oeuimoencen  JcaoHe  KONMinoi
mparncgopmepaepdi bazanan, onapobly HCAINGLIAY MYMKIHOIKMepiHe manoay xcypeisy. byean
Oetiinei 3epmmeynep KoOihe agbliuiblH MINIHOe2l OepeKmep JHCUbIHMbIRbIHA CYUeHCe, OVl HCYMbIC
OpbIC JicoHe Ka3aK mindepinoeci apmypii HAKMul CYEHAPULiepoi KamMmumvlH, KOJAMeH
ManoanIaH2an Hcaya OepeKxmep HCUbIHMbIZbIH YCbIHAObL. 3epmmey ascblHOa Yul mpaucgopmep
mooeni: DeepPaviov/rubert-base-cased, XLM-RoBERTa-base owcone XLM-ROBERTa-large
AHCAMMBIKMBIPLLILIN, OAAPObIY Kypoeli Konmindi MamiHOepOi eHOey Kabinemi 6a2aiaHobl.
Okcnepumenm namudicenepi kopcemxenoeil, XLM-ROBERTa-large ey orcozaper dandikke (90%)
Jrcemin, apanac minoep mMeH Konminoi nikipaepoi xcikmeyoe y30ik Homudwce kopcemmi. An rubert-
base-cased mooeni opvic mininoezi nixipnepoi sxcikmeyoe mypakmol mypoe HcakCbl HIMUNCe
kepcemmi (87.667%), 6yn onvl Oipmindi manceipmanapea muimoi emeoi. XLM-RoBERTa-base
02/10iK NneH MYpaKxmuliblKmbly mMeHeepiMOi HYCKACLIH YCbiHbIN, apmypii nikipaepdi enoeyoe
muimoi wewim peminoe epexutenenoi (89.5%). Anaiioa, mpancgopmep mooenvoepi muimoi
bonzaHviMeH, onap Oepekmepoiy meHeepiMcizdici MeH cupex Kez0ecemin canammapovl 6HOey
CuUsiIKmuvl Macejnenepee man 001aodvl, acipece minoep mey OoOJiHOe2eH Hemece ApPHAlibl
MEPMUHON02US. KOTOAHbLIAMbIH dicagoailiapoa. bByn nomuoxcenep mpancghopmep mooenvoepiniy
Hconaywvliap NiKipiepin agmomammsl mypoe AHCikmeyoi e0dyip HCaKCApmMAamvlHbIH HCIHE
KO2AMObIK KOJIK Kbl3Memmepi YUiH ayKblMObl WeUliM YCOIHAMbIHbIH 0271e10eU0I.

Tyiiin ce30ep: Tabusu mindi eyoey, mominoi sxcikmey, Tpancghopmep, BERT, DeepPaviov,
XLM-RoBERTa, sconaywiiap nikipiepin manoay, Konmiidi mooenvoey.
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MOJAEJIA TPAHC®OPMEPHI J1JI1 KIACCUO®UKAIINHU OT3bIBOB
ITACCAKHUPOB: HCCJIIENOBAHHUE C UCIIOJIb3OBAHUEM RUBERT U XLM-
ROBERTA

Aunomayun. B smom  uccredosanuu  uzyuaemcs — paspabomka U OYeHKd
NPOU3BOOUMETbHOCMU — MOOelell  HA — OCHO8e  MPAaHChopmepos Ol  ABMOMAMUYECKOU
KAAcCUuKayuy 0oms3vl808 NACCANCUPOB O0OUECMBEHHO20 MPAHCHOPMA C UYEblo VIYYUleHUs
00pabomxu 0OpamHoOU C8s3U NPU ONMUMU3AYUY peweHus npooiem. Ippexmusnas obpadbomka
OM3bIBO8 NACCANCUPOS UMeem peularoujee 3HayeHue OJisi YAVYUEeHUs YCiye 00uWecmeeHH020
MPAHCNOPMA, NOCKONbKY HepeuleHHble HCano0bl Uil IKCHAYAMAYUOHHAA HedIPHeKmueHocms
MO2Ym CHU3UMb YOO0BIEMBOPEHHOCHb NACCANCUPOB U CO30AMb NOSUCMUYECKUEe NPOOIeMbl.
Tpaouyuonnvie no0xoovl K Kiaccugpurayuu mexcma, maxue Kaxk mMemoowvl Ha OCHOBE KU eBblX
CNI08 WU KAACCUYeCKUe aneopummuvl Mawunno2o obyuenus (ML), ucneimuiearom mpyonocmu ¢
MHO2OA3LIYHBIMU U HEOOHOPOOHBIMU MEKCMOBbIMU OAHHBIMU, OCOOEHHO HA SA3bIKAX C HUSKUMU
pecypcamu. B smom uccredosanuu smom npoben ycmpausemcsi nymem CUCmMemMamuieckozo
CPABHEHUsL apXUMeKmyp Ha OCHO8e MPAHCHOPMAmopos OJis KIACCUPUKAyUU Om3bvle08 HA
PYCCKOM U KA3AXCKOM SI3bIKAX, OEMOHCMPUPYsL UX IPHEKMUSHOCIb 6 PEaNbHbIX NPUTLONCEHUSIX.
Kniouesoti 6xnad smozo uccnedosamus 3aKioyaemcs 6 OyeHKe KaK A3bIKOGbIX, Maxk U
MHOZ2O0S3bIUHBIX MPAHCHOPMEPO8 HA OCHOBE OM3bIEOE NACCAICUPOB, YMO Odem NpedcmasieHue
00 UX 803MOJNCHOCMAX 0000wenus. B omauuue om npedvbloywux uccied08anuil, Komopwvle 6
OCHOBHOM (DOKYCUPOBANUCH HA HAOOPAX OAHHLIX HA AHSIULUCKOM s3blKe, 6 Mol pabome
npeocmasien HeOasHO CO30AHHbIU, BPYUHYIO DA3MEHEeHHbI HAOOpP OAHHBIX, 0X6AMBIBAIOWUL
PA3IUYHbLE PEAbHbLE CYEHAPUU HA PYCCKOM U KA3AXCKOM S3bIKAX, YMO NO0360/158em Nposoounts
00vekmusHblll cpasnumenvuviil ananus. Tpu modenu mpancgopmepor DeepPaviov/rubert-base-
cased, XLM-RoBERTa-base u XLM-ROBERTa-large 6viiu obyuenvt u npomecmuposarol 0ist
OYEHKU UX CNHOCOOHOCMU 00padamvl8ams CLOHCHBIUL MHO2OA3LIYHBIL 6600. DKCNEPUMEHMANbHBIE
pesyromamul nokasvigarom, umo XLM-ROBERTa-large oocmucaem wnausvicuieni mounocmu
kaaccugpuxayuu (90%), ocobenHo 01 CMEWAHHBIX U MHO2OA3BIYHBIX OM3bIBOS, M020d KAK
DeepPavlov/rubert-base-cased pabomaem cmabunvrno xopowio Onsi pYCCKOA3bIYHBIX OM3bIBOE
(87,667%), umo noomeepacoaem e20 npuecoOHOCMb Ol 3a0ay OOHOA3ILIYHOU KIACCUDUKAYULU.
XLM-RoBERTa-base demoncmpupyem coanrancupo8antulii KOMIPOMUCC MeHCOY MOUYHOCHBIO U
HAOEHCHOCMbIO, YMO Oeldaen e20 HCUZHECHOCOOHbIM 8aPUAHMOM Ol 0OPAbOMKU 2emepo2eHHbIX
00630po6 (89,5%). Hecmomps na ceoio s¢pgpekmugnocms, mooenu Ha 0cHoge mpancgopmepa no-
APedsCHeMY CIMATKUBAIOMCS C NPOOIEMAMU, C8A3AHHBIMU C OAIAHCUPOBKOU OAHHBIX U 00PAbOMKOTL
HeOOCMAamoyHo NpeoCmAasieHHbIX KIACC08, OCOOEHHO 6 CYEHApusix C HEPABHOMEPHbIM
pacnpeodeieHuem A3bIK08 Ul MepMuHosozuel, cneyupuunol 0isi npedmemuou ooaacmu. Imu
pesyibmamsl  NOOMEEPAHCOAom, YUMo MOOeIU MpPaAHCHOpMeEPbl  3HAUUMENbHO  YAVHULAIOM
A8MOMamMu3ayuI0 Kiaccupukayuu Oomsvl808 NACCANCUPO8, NPeOOCMABIAs Macumaoupyemoe
peuiere 0711 ROCMASUWUKO8 0OWEeCME8EeHHO20 MPAHCHOPMA.

Knwuesvte cnosa: Obpabomra ecmecmenHozo A3bIKA, Klaccu@ukayus mekcmd,
Transformers, BERT, DeepPavlov, XLM-RoBERTa, ananusz om3bl606 naccaicupos,
MHO20513bIK0BOE MOOEIUPOBAHIUE.
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