
Study of Language Identification Task on the Token Level for
Ukrainian-Russian Code-Switching Dataset

Olha Kanishcheva, Heidelberg University, Germany, SET University, Ukraine
o.kanishcheva@setuniversity.edu.ua

Maria Shvedova, National Technical University "Kharkiv Polytechnic Institute", Ukraine
mariia.shvedova@khpi.edu.ua

Liudmyla Dyka, National University of Kyiv-Mohyla Academy, Ukraine dykalv@ukma.edu.ua

Kristina Husenko, University of Helsinki, Finland kristina.husenko@helsinki.fi

Abstract This paper presents experiments on language identification for a Ukrainian-Russian code-switching dataset. Code-
switching, a common phenomenon in multilingual societies, presents significant challenges for natural language processing. This
study discusses various issues encountered during dataset creation, emphasizing the complexity of accurately annotating code-
switching text. The study describes cases where identifying the language of individual tokens in sentences that switch between
Ukrainian and Russian proves difficult even for human annotators. The relatedness of the languages and the use of Cyrillic in
both orthographic systems complicate the task, leading to many cases where words are spelled identically despite clear phonetic
differences between the languages that are not reflected in writing. The study explores different models and libraries for language
identification on the token level. Experimental results suggest that BERT shows promising performance; however, other models, such
as CRFs with n-grams, Char-level BiLSTM, and Word-level Neural Networks, are also promising for this task. This research con-
tributes to the development of language processing technologies for multilingual contexts, with potential applications in sentiment
analysis, information retrieval, and social media monitoring.

1 Introduction
In multilingual societies, code-switching or code-
mixing, the alternating use of multiple languages
within discourse, presents a unique challenge for nat-
ural language processing (NLP). Understanding and
identifying languages within code-switched texts is
crucial for various NLP applications such as sentiment
analysis, machine translation, information retrieval,
among others. Ukrainian is a notable example of a lan-
guage frequently involved in code-switching.

The terms code-switching and code-mixing are com-
monly used in the study of the use of two or more lan-
guages in a single discourse. Researchers adopt differ-
ent approaches to distinguishing between these phe-
nomena. One approach focuses on structural differ-
ences: code-mixing typically involves seamless mixing
of linguistic elements within a single utterance, while
code-switching involves distinct switches between lan-
guages at identifiable points within a conversation. In
some classifications, the term code-switching encom-
passes different formal types of switching, which are

subdivided into intra-sentential, intra-word, and inter-
sentential types (Schmidt, 2014). Another approach dis-
tinguishes between these terms based on the mean-
ing that speakers attribute to such events, particularly
whether the switches are intentional (code-switching)
or unintentional (code-mixing) (Hakimov, 2021). This
study focuses on intra-sentential code-switching, as
our corpus consists of isolated sentences. Therefore,
in this paper, we will use the term code-switching as
an umbrella term, referring to both code-switching
and code-mixing without making a distinction between
them.

Due to variations in spelling and grammar, code-
switching in social media material presents significant
challenges for natural language processing (Mave et al.,
2018a). However, existing language identification mod-
els often struggle to accurately identify Ukrainian seg-
ments within code-switching corpora.

In this context, we conduct a comprehensive evalu-
ation of various language identification libraries on a
code-switching dataset. Language identification is a
fundamental NLP task aimed at determining the lan-
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guage of a given text segment. It plays a crucial role in
numerous applications, including information retrieval,
machine translation, sentiment analysis, and content
filtering. Major challenges in this task include the pro-
cessing of short texts with sparse linguistic informa-
tion and distinguishing between closely related lan-
guages, such as Spanish and Portuguese, or in our case,
Ukrainian and Russian.

We hypothesize that contextual language models,
such as BERT, can effectively identify language at the
token level in Ukrainian-Russian code-switching sce-
narios due to their ability to capture fine-grained con-
textual and morphological cues. The goal of this paper
is to develop a token language identification model for
the Ukrainian-Russian code-switching dataset based
on parliamentary transcripts from the Verkhovna Rada
(the unicameral parliament of Ukraine). We discuss the
development of a specialized dataset, emphasizing the
challenges faced during data annotation. The models
evaluated for the token classification task include the
Conditional Random Fields (CRFs), Long Short-Term
Memory (LSTM), Bidirectional Long Short-Term Mem-
ory (BLSTM), and BERT.

The structure of our article is as follows: in the In-
troduction, we outline the challenge of language identi-
fication in Ukrainian-Russian code-switching contexts.
Section 2 discusses the previous research in the field
and the existing approaches to language identification
in code-switching scenarios. In Section 3, we explain
how the dataset was compiled and annotated, high-
lighting key obstacles faced during this process. Section
4 assesses the performance of several language identifi-
cation tools when applied to our dataset. Section 5 de-
scribes the models used for language identification at
the lexical level, presents our experimental setup and
results, and concludes with an error analysis. Finally,
Conclusion summarizes the findings and implications
of our study.

2 Related Work
Language identification in code-switching datasets has
attracted considerable attention in recent years, with
researchers exploring various methodologies and ap-
proaches to address the unique challenges presented
by multilingual data (Winata et al., 2023). In the
paper (King et al., 2014), the authors conducted ex-
periments on language identification for similar lan-
guages such as Bosnian, Croatian, and Serbian, Indone-
sian and Malay, Czech and Slovak, Brazilian and Eu-
ropean Portuguese, Argentinian and Peninsular Span-
ish, and American and British English. Furthermore,
several benchmarks have been developed to support
systematic evaluation of code-switched NLP models,
most notably LinCE (Aguilar et al., 2020) and GLUE-

CoS (Khanuja et al., 2020), which provide standard-
ized datasets and tasks for multiple language pairs, fos-
tering comparability and progress in multilingual re-
search.

Previous studies have employed both traditional
machine learning techniques and state-of-the-art deep
learning models to tackle language identification tasks
in code-switching contexts (Jose et al., 2020).

Several studies have focused on utilizing statistical
methods such as Conditional Random Fields (CRFs),
Hidden Markov Models (HMMs), and Support Vector
Machines (SVMs) for language identification in code-
switching datasets (Hindi-English and Spanish-English
datasets) (Mave et al., 2018b; Hidayatullah et al., 2023).
These methods often rely on features derived from lin-
guistic characteristics, such as n-grams, part-of-speech
tags, and syntactic structures, to distinguish between
different languages within a mixed-language dataset.

In recent years, the advent of deep learning has
led to the development of neural network-based ap-
proaches for language identification in code-switching
data. Techniques such as Recurrent Neural Net-
works (RNNs), Convolutional Neural Networks (CNNs)
were used for the Hindi-English data (Joshi and Joshi,
2020), and Transformer-based architectures like BERT
have shown promising results in handling the com-
plexities of code-switched text (Malayalam-English,
Marathi-English and Indonesian-Javanese-English cor-
pora) (Thara and Poornachandran, 2021; Chavan et al.,
2023; Hidayatullah et al., 2023). These models leverage
the hierarchical and contextual nature of language to
capture intricate patterns and dependencies between
languages present in mixed-language utterances.

Furthermore, researchers have explored the use of
ensemble learning techniques and transfer learning
paradigms to enhance the robustness and generaliza-
tion capabilities of language identification models for
code-switching datasets (Zhang et al., 2018; Aguilar
and Solorio, 2020). By combining multiple classifiers
or leveraging pre-trained language models, these ap-
proaches aim to improve performance across different
language pairs and domains.

Overall, the field of language identification in code-
switching datasets is characterized by a diverse range
ofmethodologies and a growing body of research aimed
at addressing the unique linguistic challenges inherent
in multilingual communication.

However, such resources and studies are limited
for the Ukrainian language. A few individual efforts
can be noted, such as (Pylypenko and Lyudovyk, 2019),
which deals with audio analysis, and (Sira et al., 2019),
where the goal was limited to rule-based identification
of mixed speech.

The Ukrainian linguistic tradition has studied code-
switching mainly in the prescriptive context as a de-
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viation from the Ukrainian language norm through
interference with the Russian language. Although
some recent works have started to analyze different
sociolinguistic scenarios of Ukrainian-Russian code-
switching and code-mixing more deeply (Mikolchak,
2025). Code-mixed Ukrainian-Russian speech is re-
ferred to as surzhyk (in the first meaning, a mixture
of rye and any other bread grain that is milled dur-
ing poor harvests (Biletskyi-Nosenko, 1966)). Larysa
Masenko (Masenko, 1999, 2011), Oleksandr Taranenko
(Taranenko, 2007), and other researchers have stud-
ied surzhyk in contrast to the standard language, as
a violation of the literary norm. Michael Moser raises
the question of the possible systematic nature of the
surzhyk and demonstrates the high variation within
it, which seems to testify against the idea of its reg-
ularity (Mozer, 2016). Currently, the project Hybri-
disierung von zwei Seiten1 is conducting the first system-
atic corpus-based studies of surzhyk based on a large
corpus of recordings of hybridized Ukrainian-Russian
spoken language from different regions, which was cre-
ated at the University of Oldenburg (Hentschel and
Taranenko, 2022; Hentschel, 2024). The corpus itself is
to be published in the future.

This points to a relative lack of academic research
and NLP resources, indicating a need for more focused
work on the technical processing of code-switching in-
volving the Ukrainian language. Addressing this gap
would provide valuable insights into the linguistic dy-
namics and sociolinguistic factors influencing code-
switching behaviors in Ukrainian-speaking communi-
ties. Expanding research in this area could also con-
tribute to developing more comprehensive multilingual
resources and tools. These would better reflect the lin-
guistic diversity and complexities of Ukrainian in code-
switching studies.

3 Dataset Creation and Annota-
tion

In this study, we work with Ukrainian parliamentary
transcripts (1990-2024)2, focusing on utterances that ex-
hibit code-switching between Ukrainian and Russian.

Parliamentary transcripts provide a large volume
of contemporary texts published in the public domain,
and thus often serve as the basis for corpus linguistic re-
search (Erjavec et al., 2024). Moreover, Ukrainian parlia-
mentary transcripts provide additional linguistic value,
as they are recorded verbatim, preserving features of
spoken language, such as hesitations, grammatical er-
rors, and code-switching. Unlike the previously men-

1https://uol.de/slavistik/forschung/sprachwissenschaft/
hybridisierung-von-zwei-seiten

2https://www.rada.gov.ua/meeting/stenogr

tioned Oldenburg Corpus, which contains hybridized
spoken texts, the corpus of Ukrainian parliamentary
transcripts represents standard-oriented speech. The
main language is standard Ukrainian, with a minor
presence of Russian, which declined annually and vir-
tually disappeared after 2017 (Kanishcheva et al., 2023).
However, some sentences from the transcripts still ex-
hibit code-switching, which provides material for cre-
ating a bilingual dataset.

We selected sentences that contain a mix of both
languages, leveraging this dataset for its rich and au-
thentic instances of bidirectional code-switching be-
tween Ukrainian and Russian. A key challenge is that
Ukrainian and Russian are closely related Slavic lan-
guages that use a similar Cyrillic alphabet, making au-
tomatic language identification difficult.

3.1 Data Creation
The dataset consists of individual sentences extracted
from the Ukrainian parliamentary transcripts. To fo-
cus on mixed-language content, we excluded sentences
that were entirely or predominantly in Russian us-
ing CleanText.groovy3. The remaining sentences were
lemmatized with the dictionary-based TagText parser4,
and filtered to retain only those containing more than
two out-of-vocabulary words, which typically indicate
a mixture of Ukrainian and Russian. A small subset
of the selected sentences also included spelling errors
or non-dictionary terms. This approach resulted in a
dataset of approximately 150,000 tokens. All sentences
were tokenized, and each token was manually labeled
with its corresponding language. To create a balanced
dataset, so that the number of tokens in Ukrainian was
close to the number of tokens in Russian, we added the
Russian sentences that were previously excluded. De-
tailed statistics for the final dataset are provided in Ta-
ble 1.

The annotation process involved assigning each
token to one of six categories: Ukrainian, Russian,
Ukrainian-Russian hybrid words (surzhyk), Numbers,
Others, and Punctuation. The dataset has been pub-
lished on Zenodo5 under the Creative Commons Attri-
bution 4.0 International license, and the label distribu-
tion is summarized in Table 2.

The dataset was annotated by three native bilingual
speakers of Ukrainian and Russian. Initially, we un-
derestimated the complexity of the task and adopted a
single-annotator approach: one annotator (a graduate
student) performed the initial annotationwith access to
expert consultation for difficult cases. Upon completion
of this first pass, a systematic review revealed that the

3https://github.com/brown-uk/nlp_uk/blob/master/doc/
README_other.md

4https://github.com/brown-uk/nlp_uk
5https://zenodo.org/records/14724542
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Metric Value

Sentences 8,849
Average sentence length (characters) 144.84
Average sentence length (tokens) 23.49
Minimum sentence length (characters) 1
Minimum sentence length (tokens) 1
Maximum sentence length (characters) 1,401
Maximum sentence length (tokens) 232
Words 218,809
Unique words 19,304

Table 1: Statistics for the Ukrainian-Russian code-
switching dataset.

task was more nuanced than anticipated, particularly
in the areas discussed in Section 3.3: distinguishing be-
tween code-switching and lexical borrowings, identify-
ing boundaries between dialectal forms and Russian in-
fluence, handling syntactic calques, and resolving am-
biguous cases of words with similar spelling in both lan-
guages. Consequently, we implemented a validation
stage in which two expert annotators collaboratively
reviewed a substantial portion of the dataset, identi-
fied problematic cases, and developed explicit annota-
tion guidelines. This iterative process led to the system-
atized annotation principles described in Section 3.3.

Analysis of the tag distribution in the dataset (Ta-
ble 2) reveals a balanced representation of Ukrainian
and Russian, with 41.85% and 37.65%, respectively.
However, Ukrainian-Russian hybrid tokens account for
only 0.29%, leading us to exclude theMIX category from
our classification model.

Since one of our goals is to develop a dataset for
closely related language identification, understanding
the similarities between these languages is crucial.
Both Ukrainian and Russian belong to the Slavic lan-
guage family and share geographic regions, resulting
in extensive contact and many shared linguistic fea-
tures. Therefore, we first examined the lexical overlap
between the two languages. This analysis helps us bet-
ter understand the complexity of the identification task
and the challenges presented by code-switching.

To calculate lexical overlap, we first lemmatized6 all
words and removed duplicates within each language.
We then measured the overlap between Ukrainian and
Russian tokens in our dataset (Table 3).

Approximately 7.6% of Ukrainian lemmas overlap
with Russian lemmas in our dataset, which increases
the difficulty of the language identification task.

The distribution of languages per sentence is shown

6https://github.com/brown-uk/nlp

in Figure 1.

Figure 1: Distribution of tokens in Ukrainian and Rus-
sian languages per sentence.

Manual token-level language annotation of
Ukrainian-Russian code-switching data by language
presents several challenges. Below, we describe our
approach to addressing them.

3.2 Transcription Errors
The verbatim recording of speech in the transcripts con-
tains numerous typographical errors due to the speed
of transcription. Spelling and grammatical errors in
our data can present a problem for automatic language
identification in transcripts. When transcribing sen-
tences with switching, the transcriber does not always
switch the keyboard layout in time, writes in transliter-
ation, and the spelling does not match the language of
the sentence.

However, some transcription errors may hold re-
search value, as they can provide insights into pro-
nunciation. For instance, in some cases, the transcript
records the speaker’s self-correction of their pronuncia-
tion. Nevertheless, a transcript is not a phonetic record
and should not be considered a reliable source for de-
termining pronunciation.

In the version of the data intended for training the
model, such obvious transcription errors have been cor-
rected, and these corrections have been annotated.

3.3 Challenging Cases of Manual Lan-
guage Detection

The analyzed Ukrainian-Russian mixed sentences con-
tain fragments that switch from Ukrainian to Russian
or from Russian to Ukrainian. Most often, the switch-
ing point can be clearly identified and is associatedwith
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