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Abstract

This paper addresses the challenges of senti-
ment analysis in Ukrainian social media, where
users frequently engage in code-switching with
Russian and other languages. We introduce
COSMUS (COde-Switched MUItilingual Sen-
timent for Ukrainian Social media), a 12,224-
texts corpus collected from Telegram chan-
nels, product-review sites and open datasets,
annotated into positive, negative, neutral and
mixed sentiment classes as well as language
labels (Ukrainian, Russian, code-switched).
We benchmark three modeling paradigms: (i)
few-shot prompting of GPT-40 and DeepSeek
V2-chat, (ii) multilingual mBERT, and (iii)
the Ukrainian-centric UkrRoberta. We also
analyze calibration and LIME scores of the
latter two solutions to verify its performance
on various language labels. To mitigate
data sparsity we test two augmentation strate-
gies: back-translation consistently hurts per-
formance, whereas a Large Language Model
(LLM) word-substitution scheme yields up
to +2.2% accuracy. Our work delivers the
first publicly available dataset and comprehen-
sive benchmark for sentiment classification
in Ukrainian code-switching media. Results
demonstrate that language-specific pre-training
combined with targeted augmentation yields
the most accurate and trustworthy predictions
in this challenging low-resource setting.

Disclaimer: our figures include attested linguis-
tic occurrences of non-normative lexicon.

1 Introduction

Sentiment analysis has long been one of crucial
tasks in natural language processing (NLP), with
wide-ranging applications in business, media, and
the social sciences. The field saw significant
progress with the adoption of deep learning tech-
niques and the introduction of transformer-based
architectures, which enabled state-of-the-art senti-
ment classifiers to routinely achieve over 90% ac-

curacy and F1-scores on English-language bench-
marks (Mao et al., 2024; ben, 2024). However,
these advancements are unevenly distributed, as
high-resource languages benefit from abundant la-
beled data. This gap is especially pronounced in
informal, multilingual settings such as Ukrainian
social media, where users frequently mix dialects,
use transliterations, and code-switch with Russian
and other languages. This involves not only mixing
lexicon and morphems, but also grammatical forms
and structures between several languages within
one linguistic utterance or text (Poplack, 1980).
With nearly 20% of users engaging in content be-
yond Ukrainian (Raz, 2024), there is a clear need
for sentiment analysis systems that are multilingual
and code-switching aware.

To address these gaps, we propose and test a com-
prehensive framework for sentiment analysis in
Ukrainian social media, tailored to the unique lin-
guistic landscape. Our contributions are threefold:

(1) We develop a high-quality, annotated dataset
of Ukrainian social media content that includes
labels for both sentiment and language. The
dataset !, code 2 and models 3 are accessible
under under CC BY 4.0 (Attribution).

(2) We evaluate various augmentation strategies—
LLM word-substitution scheme and back-
translation—for improving sentiment classifi-
cation under low-resource constraints.

(3) We fine-tune and benchmark small transformer-
based architectures on our dataset, and com-
pare their performance against general-purpose
LLMs in zero- and few-shot setups.

In addition, we apply an explainable Al (XAI)
LIME analysis (Ribeiro et al., 2016) and model cal-
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ibration analysis to verify the reliability of our clas-
sifier approaches. Our findings contribute to both
the Ukrainian NLP landscape and the broader field
of sentiment analysis in low-resource and code-
mixed language environments.

2 Related Work

Most previous studies on sentiment analysis in
code-switching linguistic settings focused on Span-
ish and English (Sp-Eng CS) (Aryal et al., 2022;
Vilares et al., 2016) and the variable linguistic
landscape of Indian languages (Ahmad et al.,
2022a,b), including their intra-sentential code-
switching with English, such as in the case of
Dravidian (Prakash and Vijay, 2024). While code-
switching in Ukrainian has been increasingly stud-
ied across various genres—including parliamentary
discourse (Kanishcheva et al., 2023), mixed-speech
transcripts (Pylypenko and Lyudovyk, 2019), and
social media platforms (Orobchuk, 2024)—few
studies directly address the problem of sentiment
analysis.

Existing sentiment analysis research in
Ukrainian primarily focuses on monolingual
contexts or uses Russian as a dominant language.
Bobichev et al. (2017) explore sentiment trends
in Ukrainian and Russian news articles, applying
lexicon-based techniques, while Romanyshyn
(2013) present a rule-based method for analyzing
user reviews written in Ukrainian. More recent
datasets, described e.g. in Baida (2023) and
Ustyianovych and Barbosa (2024), incorporate
mixed-language content; however, their primary
focus remains on Russian-dominant corpora or use
sentiment orientations related to political stance
rather than emotion polarity.

Entity-level sentiment classification has been ap-
plied in Ukrainian-language media (Makogon and
Samokhin, 2021), demonstrating the viability of
transformer-based models fine-tuned on domain-
specific data. Yet these approaches often assume
standardized language inputs, omitting the hybrid
linguistic characteristics seen on platforms like
Telegram, where code-mixing, dialectal variation,
and transliteration are common.

While general-purpose multilingual models like
mBERT and XLM-R have been applied to senti-
ment analysis in low-resource European languages
(Filip et al., 2024; Vileikyté et al., 2024), their ro-
bustness in Ukrainian-Russian code-switched set-
tings remains unexplored. Recent experiments be-

gan to explore fine-tuning large multilingual trans-
formers or LLMs (e.g., GPT-4, LLaMA3) for this
task (Buscemi and Proverbio, 2024; Ustyianovych
and Barbosa, 2024), with mixed results and limited
evidence of generalization to informal social me-
dia discourse. In summary, although foundational
work exists for sentiment detection in Ukrainian,
there remains a notable absence of approaches tai-
lored to the challenges of code-switching.

3 Methodology

To address the identified gaps, we propose a senti-
ment classification approach for Ukrainian social
media data, encompassing data preprocessing, an-
notation, and a structured experimental methodol-
ogy. In this study, we do not differentiate between
code-switching (intersentential) and code-mixing
(intra-sentential) and refer to the phenomenon as a
whole as code-switching.

3.1 Data Preprocessing

We constructed our dataset partially from publicly
available datasets, namely TG from Baida (2023)
with 3,000 samples and 1,000 Yakaboo book re-
views*. Additionally, we scraped posts and com-
ments on Ukrainian social media channels from
Telegram, collected between February 2022 and
September 2024 (8,064) and product reviews from
Hotline.ua (1,000 texts). After deleting duplicates
and overly short utterance, the initial corpus re-
sulted in 12,224 documents spanning diverse topics
such as politics, governmental services, entertain-
ment, daily life, and online reviews of books and
marketplaces. The average length of a text in the
dataset is 170 characters, while the median length
is 96 characters. The dataset also contains 7% of
longer texts exceeding 500 characters. 28% of texts
contain emojis reflecting the colloquial nature of
the corpus. The data was anonymised to exclude
personal information. All personal and sensitive
data were removed from the texts, such as bank-
ing card numbers, addresses, personal emails, full
names and web links using regex matching.

To ensure representation of code-switching
phenomena, we employed GPT-40 (OpenAl,
2024) model using OpenAl API and lang-
detection(Shuyo, 2010) to detect if a text is mono-
lingual (Ukrainian or Russian, other) or code-
switched. If the language-detector predicted
Ukrainian, we chose Ukrainian as a label, because

“https://github.com/osyvokon/awesome-ukrainian-nlp
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Label Precision (GPT) Recall (GPT) Precision (Hybrid) Recall (Hybrid) Count
Ukrainian 0.967 0.696 0.974 0.904 125
Russian 0.909 0.690 0.824 0.966 58
Code-mixed 0.197 0.765 0.812 0.765 17

Table 1: Precision and recall per language label (n=200). Hybrid means GPT & language-detection results.

this detector was shown to have high precision for
this language. If it predicted other languages, we
chose the GPT label. During this process, we fil-
tered out all texts in languages other than Ukrainian
and Russian (primarily English and Polish) because
their presence in the dataset was statistically in-
significant and would not contribute meaningfully
to our analysis of code-switching patterns. The
resulting dataset includes monolingual Ukrainian,
monolingual Russian, and code-switched content
in proportion of 66%, 28% and 6% respectively.

We manually validated a subset of 200 samples
of automatic language annotations, randomly cho-
sen to to represent same language proportions as
in the full dataset. The results of the co-annotation
can be seen in Table 1 for both pure GPT and hy-
brid GPT and language-detection results. Overall,
in the case of the GPT model, it identifies mixed
well when it is truly present (high recall), but it
over-predicts it the cases of miss-spellings (low
precision), while Ukrainian and Russian, are mod-
erately well-predicted. However, with our hybrid
approach we achieved high results for all of the
language settings, and especially improved code-
mixed results.

3.2 Data Annotation

To facilitate the annotation process, we developed
a dedicated Telegram bot to distribute annotation
guidelines and collect annotators’ responses. Five
annotators, all native Ukrainian speakers with bilin-
gual proficiency in Russian participated. The anno-
tation guidelines instructed annotators to classify
texts according to four sentiment categories: pos-
itive, negative, neutral and mixed sentiment. The
guidelines emphasized that sentiment classification
should be based on specific expressions present in
the text rather than the annotator’s subjective inter-
pretation of the author’s intent. We provided multi-
ple examples to illustrate each category, including
edge cases where the factual content might seem
negative, but the text itself contains no sentiment-
bearing expressions and should be classified as neu-
tral. The annotation guidelines can be found in

Appendix B in original Ukrainian version and En-
glish translation. Annotators were also instructed
to identify spam messages and mark them for dele-
tion from the dataset. We used “I do not know"
label for such cases, and filtered these data points
in post-processing. This additional filtering step
helped ensure the quality and relevance of our final
corpus.

To establish consistency and measure inter-
annotator agreement, we designed the annotation
process so that the first 100 texts were identical
for all five annotators. This overlap allowed us to
calculate Cohen’s kappa for sentiment labels. The
average result for all annotators is (x = 0.79), indi-
cating substantial agreement. Disagreements were
resolved with majority voting during the final pre-
processing steps. The final sentiment distribution
in the annotated dataset can be found in Table 2.

Sentiment Count Percentage
Neutral 4,702 38%
Negative 4,541 37%
Positive 2,373 19%
Mixed 608 6%
Total 12,224 100%

Table 2: Sentiment distribution of the dataset.

Finally, we divided the dataset into training
(80%) and test (20%) sets, maintaining the distri-
bution of sentiment and language categories across
splits while also controlling for text length distribu-
tion to account for the observed skewness towards
longer texts.

3.3 Experimental Setup

In this section, we describe the established LLM
baseline and the fine-tuning process.

Prompting Strategy. We implemented GPT-40
(OpenAl, 2024) and Deepseek V2-chat (DeepSeek-
Al 2024) as our prompting-based baselines, con-
ducting several experiments to maximize perfor-
mance. The general approach was to structure
the prompt to include the same sentiment defini-
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tions, edge cases, and decision criteria used by
human annotators. We tested writing prompts in
both Ukrainian and English (see final prompt in
Appendix A).

Fine-tuning Approach. As sentiment analysis
has multiple benefits for business analytics, we also
fine-tuned two transformer-based Small Language
Models (SLMs) from the BERT family as more
cost-effective deployment solutions:

(1) UkrRoberta (Radchenko, 2021): A model
additionally pre-trained on Ukrainian text
data with Roberta architecture, optimized for
Ukrainian language understanding.

(2) Modern BERT (mBERT) (Warner et al.,
2024): A multilingual BERT variant optimized
for cross-lingual transfer across various lan-
guages, including Ukrainian and Russian.

For each SLM model, we implemented a classi-
fication head on top of the pre-trained transformer
architecture. To handle longer texts that exceeded
the maximum token length, we employed a seg-
mentation approach where texts were divided into
sections matching the maximum token length. Pre-
dictions were made for each segment, and the final
classification was determined through majority vot-
ing across segments. We utilized Optuna (Akiba
et al., 2019) for systematic hyperparameter tuning.

Data Augmentation. To address potential data
sparsity, particularly for code-switched content, we
experimented with two augmentation strategies:

(1) Back-translation: translating® text to an in-
termediate language (English) and back to the
original language (Ukrainian or Russian) to
generate paraphrased alternatives while pre-
serving sentiment.

(2) Word substitution: using gpt-4o we replaced
words with synonyms or contextually appropri-
ate alternatives while maintaining the original
sentiment and code-switching patterns.

For the second strategy, we employed the
GPT-40 model to perform word substitutions, with
a particular emphasis on preserving sentiment. The
model was accessed via API with a temperature
setting of 0.7 to produce diverse yet contextu-
ally appropriate replacements. We used in-context
learning, providing explicit examples of the de-
sired substitution patterns within the prompt. The

3For translations, we used LibreTranslate, an open-source
neural machine translation tool (Klein et al., 2017).

model was instructed to recognize and preserve
code-switching patterns while making lexical sub-
stitutions, and to maintain the original sentence
structure (see Appendix D). We performed a senti-
ment consistency check by manually reviewing a
statistically significant subset of newly generated
samples from each sentiment class.

The augmentation ratio was class-dependent,
with higher ratios for minority classes and lower ra-
tios for well-represented classes. The overall goal
was to improve the class balance in the original
dataset.

Evaluation Methodology. We use standard met-
rics such as precision, recall, F1-score (micro &
macro) and accuracy, to evaluate the classification
task while accounting for class imbalance in the
created dataset. We also measure Expected Calibra-
tion Error (ECE) from Nixon et al. (2019) to assess
the reliability of the SLM solutions, specifically
applied to different language subsets, computed as:

ECE = Z

where B is the number of bins, 1 is the number
of predictions in bin b, and N is the total num-
ber of data points. Each prediction is assigned to
a bin based on its confidence score (i.e., the pre-
dicted probability of the top class), and acc(b) and
conf(b) denote the average accuracy and average
confidence within bin b, respectively.

lacc(b) — conf(b)], (1)

4 Results

4.1 Data Augmentation Results

We evaluated our proposed approach using three
configurations. Table 4 presents the accuracy re-
sults for GPT-40, DeepSeek V2-chat, mnBERT, and
UkrRoberta on the original dataset and two aug-
mented datasets.

The effects of the data-augmentation strategies
varied across models. The word-substitution strat-
egy, which preserves code-switching patterns and
text structure while introducing lexical variety,
proved to be a valuable training signal for SLM
models. Back-translation, however, consistently de-
graded performance for all models, with decreases
of 3.2% for GPT-40, 2.7% for DeepSeek, 2.3% for
mBERT, and 2.2% for UkrRoBERTa. This degra-
dation likely stems from the loss of contextual cues
and code-switching patterns during the translation
process.
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UkrRoberta mBERT

Language Metric Precision Recall F1 Precision Recall F1
UA Macro 0.67 0.61 0.63 0.73 0.44 0.43
Micro 0.74 0.74 0.73 0.64 0.57 0.54

RU Macro 0.58 0.60 0.59 0.81 0.61 0.66
Micro 0.71 0.71 0.71 0.77 0.74 0.74

. Macro 0.72 0.69 0.68 0.69 0.51 0.54
Code-Switched Micro 0.76 0.69 0.71 0.80 0.58 0.60
Overall Macro 0.66 0.62 0.64 0.80 0.58 0.58
v Micro 0.74 0.74 0.73 0.73 0.69 0.67

Table 3: Performance comparison between UkrRoberta and mBERT sentiment classification models.

Word-substitution augmentation is applied for both models. Macro metrics calculate the unweighted average
across classes, while micro metrics account for class imbalance.
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Figure 1: Reliability diagrams for UkrRoberta and mBERT calibration across language subsets

4.2 Overall Performance

UkrRoberta demonstrated the strongest overall
performance, achieving 73.6% accuracy with
word substitution augmentation, a significant im-
provement over both the few-shot prompting
approach (70.3% for GPT-40, the multilingual

mBERT (69.8%), and deepseek, which showed
the lowest results (64.6%). This finding suggests
that language-specific pre-training offers substan-
tial benefits for sentiment analysis in Ukrainian
social-media contexts, particularly when handling
code-switched content.
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Model Original Back-transl. Word subs.
GPT-40 70.3% 67.1% 68.2%
DeepSeek V2-chat  64.6% 61.9% 62.7%
mBERT 68.8% 66.5% 69.8%
UkrRoberta 71.4% 69.2% 73.6%

Table 4: Accuracy (%) of sentiment classification mod-
els across different data augmentation strategies. Best
results per model are in bold.

4.3 Performance Across Language Categories

To assess the robustness of our SLM models across
language categories, we evaluated their perfor-
mance separately on Ukrainian monolingual, Rus-
sian monolingual, and code-switched texts.

As shown in Table 3, we observe distinct per-
formance patterns across language categories. For
Ukrainian monolingual and code-switched texts,
UkrRoberta outperforms mBERT, posting higher
micro F1-scores — 0.73 vs 0.54 and 0.71 vs 0.60,
respectively. The pattern reverses for Russian texts,
where mBERT is stronger (0.74 vs 0.71 micro F1).
Notably, mBERT also achieves relatively high pre-
cision on Russian content (0.81 macro).

A clear precision-recall trade-off emerges.
While mBERT generally delivers higher preci-
sion, UkrRoberta offers a more balanced preci-
sion-recall profile and superior recall. This bal-
ance is valuable for applications in the domain un-
der study, where false negatives and false positives
incur comparable costs.

Models Calibration. In addition, we assessed
the reliability of the SLMs’ sentiment predictions
by computing the ECE for each model and each
language. We then plotted the corresponding reli-
ability diagrams to show how closely the models’
confidence scores track the true likelihood of cor-
rectness (see Figure 1).

Across the full test set, UkrRoberta exhibits
substantially better calibration (ECE = 0.17) than
mBERT (ECE = 0.32), with bars that track the
Calibration line more closely in every bin. A sim-
ilar pattern emerges for monolingual Ukrainian
(ECE = 0.16 vs 0.40) and code-mixed texts (0.13
vs 0.35), additionally underscoring the benefit
of language-specific pre-training. The trend is
only slightly reversed for Russian-only inputs:
mBERT’s ECE of 0.17 marginally surpasses Ukr-
Roberta’s 0.18, mirroring mBERT’s higher preci-
sion on this subset.

4.4 Explainability

Another facet of our research was identifying the
sentiment-bearing linguistic features captured by
the best-performing classifier. We calculated LIME
scores for the test-set texts under the two best
UkrRoberta configurations, as the best performing
model overall: three-class and four-class. We then
examined the tokens with the highest LIME scores
for each language and class. By comparing cor-
rect and incorrect classifications, we also analyzed
the tokens that most frequently caused confusion
(see Figure 3). Finally, we verified potential lan-
guage bias by measuring how often tokens from
each language category — Ukrainian, Russian, and
Code-Switched — contributed positively to each
class prediction.

Language bias. As it is illustrated in Figure 2,
both best settings of UkrRoberta exhibit certain
language bias against Russian tokens, more of-
ten attributing them strong negative bias, while
Ukrainian tokens are more prone to contribute to
positive, or mixed sentiment predictions, in case of
the 4-class model. Code-switched subsets’ tokens
contribute more often to mixed sentiment predic-
tions, but otherwise show rather well-distributed
terms over neutral and negative classes, but are
the least prone to contribute to positive predictions.
However, it is inherently more complicated to anal-
yse tokens from code-switched subset, as they can
include both code-mixed and standard Ukrainian
or Russian tokens.

Term importance. As for the highest-scoring terms
according to the LIME analysis, the 3-class and
4-class UkrRoberta show overall similar patterns.
Top terms biasing predictions toward the negative
class (Figure 3 (a) and (b)) include non-normative
lexicon, war-related vocabulary, such as ukr. "po3z-
6ombstennast”" (en. bombed-out), ru. "xysrant"
(profanity for shelling), and ru. "o6cTpenuBa-
tor" (en. they are shelling); terms associated with
Russian or non-democratic identity, such as ukr.
"ara" (en. "cotton"— derogatory slang for
pro-Russian individuals), "pycus" ( derogatory
term for Russians), "sigkar" (en. rollback,
reversal, kickback used in relation to reforms
and positive social changes), "migospa" (suspici-
on); and adjectives with negative connotation, such
as ukr. "xaxymBuit" (en. horrible), "ramnit"
(en. rotten), and "xosoxuuii" (en. cold). Interest-
ingly, both models assign high importance to ono-
matopoeic laughter tokens, suggesting that the mod-
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Figure 2: Language contribution of the test set to predicted sentiment classes with LIME score > 0.1. The left plot
shows results for a 3-class setup (negative, neutral, positive), and the right plot shows a 4-class setup including
mixed. The results are normalised by the sapmple size to minimise influence of the varying class and language

representation in the test set.

els are able to detect irony. However, our LIME
analysis for incorrect predictions of the Ukrainian
positive class conflicted with this findings, since
such laughter tokens actually contributed to mis-
classifying instances as positive (see Figure 3 (h)).
Overall, the evidence for confusing terms in this
class is inconclusive. Both models may suffer from
a common issue in sentiment analysis, where the
presence of negations is overly attributed to nega-
tive polarity. In the 4-class model, we also observed
terms that typically have a clearly negative conno-
tation being flagged as confusing, indicating they
may have been used in ironic contexts.

The neutral class (Figure 3 (c) and (d)) displays
a wider range of confusing terms for the models.
This can be attributed to the nature of the words
themselves — such as conjunctions and emotion-
ally neutral verbs and nouns — which may lead
the model to classify inputs as neutral based on the
absence of emotionally charged terms rather than
the presence of neutral ones.

Terms contributing to the positive class predic-
tion (Figure 3 (e) and (f)) show fewer confusing
cases. In the 3-class model, this may again re-
flect ironic expressions of gratitude. In the 4-class
model, however, we observed a fatalistic use of
ukr. "Bce" (en. everything, that’s all / enough)
and a mixture of tragic and heroic contexts con-
taining ukr. "Boinu'"(en. soldiers), which might
contribute to the model’s uncertainty. Specifically
for Ukrainian, we also observed that many conven-
tionally positive words used in ironic or sarcastic
colloquial contexts are not well captured by the
model, such as ukr. "riragaaun" (en. giga-chads),
"nino" (matter), "Bipto" (en. I believe). Addition-

ally, many terms connected to governmental institu-
tions or proper nouns like “Biden” or “Bellingcat”
are among confusing, reflecting the pluralism of
political opinions expressed in the training data.

Finally, the mixed sentiment class of the 4-class
model, illustrated in Figure 3 (g), shows a predom-
inantly neutral lexicon. The most notable excep-
tions are a strongly negative expressive profanity
marker ru. "max" (shortened vulgar form of go to
hell) and a colloquial positive qualifier ukr. "xkpy-
to" (en. cool, awesome). However, there is insuffi-
cient evidence to claim that the model has learned
the concept of mixed sentiment from the data.

5 Discussion

Overall, UkrRoberta’s stronger performance
(0.73 vs 0.67 micro F1) confirms that
language-specific pre-training, combined with
targeted word-substitution augmentation, is a more
effective strategy for sentiment analysis in the lin-
guistically complex landscape of Ukrainian social
media. While our peak accuracy of 73.6% is lower
than the 90%+ performance often reported for
monolingual English sentiment analysis systems
(Mao et al., 2024; ben, 2024), the performance
relationship we observe between general-purpose
LLMs and smaller, task-specific fine-tuned models
aligns with findings from prior work(Barbieri
et al., 2022; Filip et al., 2024). This indicates that
our approach performs comparably to existing
solutions despite the inherent complexities of
Ukrainian-Russian code-switching in social media
content.

Our calibration analysis findings confirm that
good discrimination does not automatically entail
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Figure 3: Top LIME terms contributing to sentiment predictions across classes and model variants. Each row
compares the same class across the 3-class and 4-class models: (a,b) Negative, (c,d) Neutral, (e,f) Positive. Row
4 includes (g) the Mixed class (only in 4-class) and (h) the top terms associated with misclassified Ukrainian-
language examples predicted as ’positive’. Orange bars indicate terms shared with incorrect predictions, potentially
contributing to false positives or false negatives. Terms are case-normalized; for repeating terms, only the highest
LIME score is retained.
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good calibration: while mBERT achieves competi-
tive F1 on Russian texts, its reliability sharply de-
grades on Ukrainian and mixed inputs. Conversely,
UkrRoberta delivers more trustworthy probability
estimates in the linguistically diverse conditions
typical of Ukrainian social media. While bias is
generally undesirable, some degree of bias may
be contextually appropriate in Ukrainian histori-
cal and political context. Although UkrRoBERTa
slightly underperforms in Russian and exhibits a
tendency to associate Russian lexical items with
negative sentiment, this trade-off seems more ac-
ceptable than reversed mBert’s scenario, more fa-
vorable towards the Russian language. Since Al
naturally amplifies and re-enforces existing biases,
and considering that Ukrainian language is histor-
ically downplayed and discriminated against, the
choice between mBert and UkrRoberta should in-
volve these additional socio-linguistic considera-
tions. Additionally, UkrRoberta may reflect real-
world patterns of usage and sociopolitical framing
of sentiment in Ukrainian wartime discourse. Fi-
nally, we storngly advocate that interpretability and
calibration are essential in evaluating sentiment
models beyond F1 scores—especially when lan-
guage identity and political stance are intertwined.
While our best-performing model (UkrRoBERTa
with word substitution) shows promising robust-
ness, further work is needed to handle sarcasm,
negation, and mixed affect more reliably.

6 Conclusion

We present COSMUS, the first publicly avail-
able, 12,224 texts corpus of Ukrainian, Rus-
sian and code-switched social media texts with
four-way sentiment labels and substantial anno-
tator agreement. Fine-tuning the UkrRoBERTa
with GPT-4o0—driven data augmentations yields the
top accuracy of 73.6%, surpassing mBERT and
few-shot LLM baselines. Reliability diagrams and
LIME analysis show UkrRoBERTa is also better
calibrated across most language subsets and ex-
hibits less language bias on Ukrainian and code-
mixed samples.

Limitations

While this study contributes a novel dataset
and modeling pipeline for sentiment analysis in
Ukrainian code-switching contexts, several limita-
tions must be acknowledged. Despite our efforts
to include diverse sources and augment underrep-

resented classes, code-switched texts still consti-
tute only 6% of the COSMUS dataset, which does
not perfectly reflect Ukrainian social media real-
ity and limits the robustness of model generaliza-
tion on code-switching phenomena. The manual
validation results indicate that the real number of
code-switched samples may be even lower (low
precision). This imbalance may limit the model’s
ability to generalize to real-world social media con-
texts, where hybrid and fluid language use is more
prevalent. Future data collection efforts should aim
for more representative sampling of code-switched
communication. Moreover, the exclusion of other
relevant language pairs (e.g., Ukrainian—English or
Ukrainian—Polish) restricts the broader applicabil-
ity of our findings to multilingual contexts beyond
Russian—Ukrainian.

Although we ensured substantial inter-annotator
agreement (x = 0.79), the classification of sub-
tle or sarcastic sentiment—especially in politically
charged or ironic discourse—remains subjective.
While the use of concrete sentiment-bearing ex-
pressions mitigates this, future work could benefit
from multi-layered annotation schemes or continu-
ous sentiment scales. Bigger data overlap between
annotators would also be beneficial.

Even our best-performing model, UkrRoberta
with word substitution, struggles with sarcasm,
negation, and mixed emotions, as evidenced by
LIME analyses and misclassifications. This reflects
broader challenges in sentiment modeling across
informal, affectively ambiguous genres. The de-
tected language bias, wherein Russian tokens are
more frequently associated with negative sentiment,
raises important ethical and interpretability ques-
tions. While we contextualize this as potentially re-
flecting real-world sociopolitical dynamics, further
research is needed to disentangle model-internal
bias from corpus-driven patterns, especially when
deploying such models in sensitive applications.

Finally, while this study primarily focused on
platforms with a pro-Ukrainian or neutral stance,
many globally influential information ecosystems
include actors and communities with hostile or
adversarial messaging toward Ukraine. Exclud-
ing these from the current analysis may limit the
broader validity of our findings. Future research
should expand the scope of sentiment modeling to
include content from such platforms to better un-
derstand and model the full spectrum of narratives
shaping public discourse in and about Ukraine.
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A Baseline Solution Best Performing
Prompt

You are an expert in determining the sentiment of
a text. Our task is to determine the emotion that
a person puts into a written text as accurately as
possible. To do this, I will show you texts from
Ukrainian social networks, and you will choose
the correct answer regarding the sentiment. The
answer options will be as follows:

1. Positive -> expressions used that reflect posi-
tive emotions (joy, support, admiration, etc.);

2. Negative -> expressions used that reflect neg-
ative emotions (criticism, sarcasm, condemna-
tion, aggression, doubt, fear, etc.);

3. Neutral -> the author does not use either posi-
tive or negative expressions (neutral emotion);

4. Mixed -> the text contains expressions from
both the positive and negative spectrum of
emotions (mixed case);

It is important that you do not indicate your own
guess about the author’s sentiment, but find indica-
tions of it in specific expressions. I will give a few
examples.

Examples:

"Aapii > this short text has a neutral sentiment.
Despite the fact that the Ukrainian word " ABapii
"often has a negative context, in this case there is
no additional information reflecting the sentiment
of the author.

"Tak st 2k Tebe 3ajas porpoc. Kues, maii,
[EPBOE IIPUMEHEHNE IITPUOTOB - KOIJIa BCE He-
60 OCBeTUJIN ITUM - ObLIM TaM U X22, U KUH-
2KaJibl - TaK ObLtu mpuaersl Toraa? He 6bL10.
Bompoc 3aty - mogemy tak mpousorio? [stpu-
OTBHI COMBAIOT BCIO 3Ty cpaHb > this text has a
negative sentiment. The author uses expressions
that characterize aggression and criticism of the
interlocutor.

"3uuk10 cBiTI0 ¥ CBATOMUHCHEKOMY PafOHi.
> this text has a neutral sentiment. The fact of the
lack of electricity itself is perceived negatively, but
the author of the text does not use either positive or
negative words / expressions.

"IIpobstemu 3i cBiTsiom B Knesi Ta obsracti
micsist BubyxiB! > in turn, the following news item
has a negative connotation. The author demon-
strates his attitude through the word "IIpob6ie-
mu'"and the exclamation mark "!", emphasizing
the expression.

":cry: BHacmigok pakeTHOl araku 3adikco-
BaHo maiinag yinaMkiB B [ledepcbkomy paitoni
Ha 1ax 0araTormoBepXOBOIO YKUTIOBOTO OyIUH-
Ky, — KMBA > text with a negative sentiment,
which the author demonstrates through the use of
the ":cry:" emoji.

"Hy mopm > this is an example of a positive
sentiment. The text itself is not very expressive,
but the author clearly demonstrates the emotion
of "approval" of something, which belongs to the
positive spectrum.

":exclamation:B 6ik KueBa mycku 1ie mgexiab-
kox ‘Kunjxamis’. Bopor namaraerbes mpobutu
mami TIT1O. IToku BinbuBaemocs, aje € uaii-
HHS yJIAMKIB, TOXK 11epeOyBaeMO B YKPUTTSIX
abo xova 06 3a maporo cTiH.> this news item is
an example of a negative sentiment. The author
demonstrates his attitude to the event through the
expressions "Bopor namaraerbcst mpobutu Harri
IIIT1O. Iloku BimbuBaemocs, aje ",

Your answer should be only one word. THIS IS
IMPORTANT! You must answer exclusively with
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only one word from the list: [positive, negative,
neutral, mixed].

B Annotation Guidelines

B.1 Original Ukrainian Guidelines

Harrte 3aBanns - HABYNTUCH BU3HAYATH €MO-
1i10 (CEHTHMEHT), SIKY JIIO/[MHA 3aK/IaJae y Ha-
nucannit TekcT. g mporo 60T mokazyBaTHMe
TOOI TEKCTH 3 YKPATHCHKUX COIIAJBHIX MEPEeXK,
a T - obmpaTUMeIl BipHHUiT BapiaHT BiAmoBimi
MO0 ceHTuMeHTy. BapianTu Bimmosimeit 6y-
JyTb HACTYIIHI:

1. IlosuTwBHuii -> Bukopucrani Bupasu, 1o
Bi106parKaloTh MO3UTUBHI eMoIlii (pajicTh,
I ITPUMKY, 3aXOIJIEHHSI TOIIO);

2. Herarupnmit -> Bukopucrani Bupasu, 1o
Bi/10OpazKalOTh HEraTUBHI eMOIl (KPUTH-
Ka, capKa3M, OCyJl, arpecisi, CYMHIB, CTpax
TOIIO);

3. Heitrpanpunit -> ABTOp HE BUKOPUCTO-
BY€ Hi IO3UTUBHUX, HI HETATUBHUX BUPA3iB
(HefiTpasIbHA eMOIlisl TEKCTY);

4. 3mimannii -> Tekcer MiCTUTH BUpasu sIK
3 MO3UTHUBHOI'O CIIEKTPY €MOIIiil, TaK i 3
HEraTUBHOIO (3MIIMIAHWN BUIIAJIOK );

5. ¢ ne BrieBHeHwMIT - > JlaHy omiito cjiif obpa-
TH, AKIIO TH HE BIIEBHEHUIT y TIPABUILHOCTI
BUOODY.

Baxxyimso, mo morpibHO BKa3yBaTH HE BJia-
CHY B3JIOTJIKy IIOJI0 CEHTUMEHTY aBTOpa, a
SHaXOIUTN BKaBiBKI/I Ha HBOT'O Yy KOHKPETHHUX
BHUpa3ax. Y HACTYIIHOMY IIOCTI HaJaM JIeKiTbKa
npukianis [puknamm:

1. "Apapii > neit KOpOTKHUIl TeKCT Mae Heii-
Tpasbuuil centument. [lompu te, 1110 €10BO
“aBapil” 4acTO Mae HEraTUBHUI KOHTEKCT,
y JIaHOMY BUIAJIKY BiJCYTHS Oy/b-sKa J0-
JaTKoBa indopMaliis, 1o Bijobparkae ceH-
TUMEHT aBTOPA.

2. "Tak s xk Tebe 3aman Borpoc. Kuen, maii,
[IepBOe MPUMEHEHUE IIITPUOTOB - KOTIJIA
Bce HEOO OCBETH/IM STHM - OB TaM |
X22, M KUHYKAJIBI - TaK OBLIU IIPUIETHI TO-
rna? He 6p110. Borpoc 3amy - mogemy Tak
npousorio? [IsTpuorsr cbuBarT BCIO 3Ty
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CpaHb > Ieil TeKCT Ma€ HEraTUBHUN CeH-
tumenT. [Toripu Te, mo dakr “IlerpioTn
30MBaOTh pakeTn MOXKe€ BIIIyBATHUCH I10O-
3UTHUBHO, ABTOP BUKOPUCTOBYE BUPA3H, IO
XapaKTepU3yIOTh arpeciio Ta KpUTUKY 0
CIIiBPO3MOBHHUKA.

"Suukio cBiTio y CBATOMINHCHKOMY pa-
oHI. > JaHWI TEKCT Ma€ HeUTpaJIbHUIL
ceutuMmenT. Cam dakT BicyTHOCTI efe-
KTPOEHEPTil CHPUUMAEThCA HETATUBHO, aJie
aBTOP TEKCTY He BUKOPUCTOBYE Hi TO3UTHUB-
HUX, HI HEraTUBHUX CJIB / BUpa3iB.

"Buukio cBiTio y CBATOININHCHKOMY pa-
WOoHI. > JaHWI TEKCT Ma€ HeUTpaJbHUIL
ceuruMmenT. Cam dakT BicyTHOCTI ese-
KTPOEHEPTil CIPUUMAEThCA HETATUBHO, aJie
aBTOP TEKCTY He BUKOPUCTOBYE Hi TO3UTHUB-
HUX, HI HEraTUBHUX CJIB / BUpa3iB.

"TIpobstemu 3i citiiom B Kuesi Ta obsacti

micsis BuOyxiB! > y ¢BOIO Wepry HacTymHa

HOBHUHA Ma€ HeraTwBHe 3abapBieHHs. AB-

TOP JEMOHCTPYE CBOE€ BiJIHOIIICHHS Tepe3
(L'?)

coBo “ITpobemu” Ta 3HAK OKJIMKY “!”, 111
KPECJIIOI0UN €KCITPECITO.

"sad emodji Bracsiiok pakeTHOT aTaku 3a-
dikcosano nasinug yaamkis B [ledepcbko-
My paiioHi Ha jax 6araTornoBepXOBOrO YKU-
TyoBoro OyaumHKy, — KMBA > rekct i3 He-
FATUBHUM CEHTHUMEHTOM, 1110 ABTOP JEMOH-
cTpye uepe3 Bukopuctanus “‘sad emodji”
€MO/I31.

"Hy HOpM > TIe IPUKJIa]] IIO3UTUBHOIO CEeH-
tuMenTy. CaM TEKCT He € CHJIbHO eKCIIpe-
CUBHUM, aJie aBTOP SIBHO JIEMOHCTPYE €MO-
Ii10 “cXBaJIeHHSI’ YUOrOCh, SIKa, HAJEYXKUTH
JIO TIO3UTUBHOIO CIIEKTPY.

"B 6ik Kuea nmycku 1e gexinbkox ‘Kua-
mxkaJis’. Bopor Hamaraerbest mpobuTn Ha-
i ITT10O. IToku Bigbusaemocs, ajie € maid-
Hsl YJIAMKIiB, TOXK 1epe0yBae€MoO B YKPUTTSIX
abo xo4a 6 3a Maporo CTiH. > jaHa HOBH-
Ha € IIPUKJIAJI0M HEraTUBHOIO CEHTHMEHTY.
ABTOp JIEMOHCTPY€E CBO€E BiIHOIIEHHS IO
ozl wepe3 Bupasu ‘Bopor mamaraeTrbcs
npoburu Harm III1O7, “IToku BindouBaemo-
cs, aje. ...

"C 4ero b1 B3ss1? Y Mmens B Vpriene Bce
OKHa HOBbI6I/IB&.HO s COXPaHUJI KBUTAHIIUIO



TO yTO caMm noctaBus u BepHysu 20.000
> HIpuKJaJ “3MimaHoro” ceHTUMeHTy. Y
eIl YacTUHI aBTOP JEMOHCTPYE KPUTH-
Ky 1O BiJTHOIIIEHHIO JIO iHINOI JIOAUHT. Y
JPYTiil YaCTUHI TEKCTY - aBTOP Pa/Ii€, Mo
MOMY KOMIIEHCOBAHO BUTPATU HA BiJIHOB-
JIEHHS JOMIBKH.

B.2 English version of the Guidelines

Our task is to learn how to identify the emotion
(sentiment) a person conveys in a written text. To
do this, the bot will show you posts from Ukrainian
social media, and you will choose the correct senti-
ment classification. The answer options will be as
follows:

1.

Positive — The text contains expressions that
reflect positive emotions (joy, support, admi-
ration, etc.);

Negative — The text contains expressions that
reflect negative emotions (criticism, sarcasm,
condemnation, aggression, doubt, fear, etc.);

. Neutral — The author does not use either pos-

itive or negative expressions (emotionally neu-
tral text);

Mixed — The text contains expressions from
both the positive and negative emotional spec-
trum (a mixed case);

I’m not sure — Choose this option if you are
unsure about the correct sentiment.

Importantly, you should not rely on your guess
about the author’s sentiment, but instead look for
concrete expressions that indicate it. In the next
post, I will provide a few examples.

Examples:

1.

"Accidents" — This short text has a neutral
sentiment. Although the word “accidents” of-
ten carries a negative connotation, there is no
additional information here that reveals the
author’s sentiment.

"So I asked you a question. Kyiv, May, the
first use of Patriots — when the whole sky lit
up — there were X-22s and Kinzhals — so
were there any hits then? No. Question to the
audience — why did that happen? Patriots
shoot down all this crap" — This text has a
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negative sentiment. Although the fact that "Pa-
triots shoot down missiles” might seem posi-
tive, the author uses expressions that convey
aggression and criticism toward the interlocu-
tor.

. "Power went out in the Sviatoshynskyi dis-

trict." — This text has a neutral sentiment.
While the fact of a power outage may be per-
ceived negatively, the author uses no clearly
positive or negative words or expressions.

. "Power went out in the Sviatoshynskyi dis-

trict." — Again, this is a neutral sentiment.
Although the situation is unfortunate, the lan-
guage is emotionally neutral.

. "Problems with electricity in Kyiv and the

region after explosions!" — This post, in con-
trast, conveys negative sentiment. The word
"problems" and the exclamation mark "!" in-
dicate the author’s emotional reaction.

. " sad emodji As a result of a missile strike,

debris fell in the Pecherskyi district on the
roof of a multi-story residential building, —
KMVA" — This is a text with negative sen-
timent, shown through the use of the “sad
emoji” (sad emodji).

. "Well, okay" — This is an example of positive

sentiment. While the expression is not highly
emotional, the author clearly shows approval,
which falls within the positive spectrum.

. "Several more ‘Kinzhals’ launched toward

Kyiv. The enemy is trying to break through
our air defense. We’re still holding them off,
but debris is falling, so stay in shelters or be-
hind at least two walls." — This is an example
of negative sentiment. The author shows their
stance through expressions like “the enemy is
trying to break through our air defense” and
“we’re still holding them off, but...”.

. "Why do you think that? In Irpin, all my win-

dows were blown out — I kept the receipt, did
the repairs myself, and got 20,000 back." —
This is an example of mixed sentiment. In
the first part, the author expresses criticism to-
ward someone. In the second part, the author
shows happiness about being reimbursed for
repairing their home.



C Prompt For The Word Substitution
Augmentation Strategy

You are a sentiment analysis expert. You need to
help to create a dataset of texts needed for training
an ML model. Your help is to write a text which
will be included to the dataset. This is important
that the text must language. The sentiment of the
text should express sentiment. The example of such
a text is provided below.

Write the text similar to the provided example.
You MUST do just a rewording. However, remem-
ber, that the resulted text must language.

Also, you must write only the text without any
additional comments from yourself.

The text example is below: text
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D Examples of Manual Language Verification Results

Document Con- | GPT Hybrid Human
tent

ru ru ru
Hy rmak zamerutnb

HAJ0, UTO TIOJIY-
qaeT KpamaTopck,
HpyxkoBka, Cia-
BSIHCK, HO He DBa-
xmyT!(

mixed mixed mixed
B ue ecTb myHKT

€BinHOBIEHHA
TaM HAIKCAHO YTO
JeJiaTh

mixed mixed mixed
Kacrpromto cHATB

U I'POMKO JIyMaTh
1o senarh((((

N Co-
JIOM’ STHCHKOMY
pafioHI  yJIaMKHu
PaKeTu BIyYIUIN
y BEPXHI MOBEpXU
baraTorroBepxin-
KA - MICBKUU

ua ua ua

ToJIOBa

mixed ua ua
EvMm 200 x 1e

AKINO KBapTUPa
LOIIKOI?KEHa YU
Ha Oynp 1mo. Bo
me necb 10% Bim
Oy TMHKY

" B XapbKose
BBOJIUTCSI KOMEH-
ITAaHTCKUI dYac ¢
15:00 mo 06:00 3aB-
TpAITHETO JTHS.

HATII Kues aBa-
pus MapKOBast
Jopora OoJbIIast
mpobka.  Bumeo
Hacra cnacu6o!

Table 5: Randomly selected data points from the selected subset for manual language verification.
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