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Abstract
Until recently, fine-tuned BERT-like models provided state-of-the-art performance on text classification tasks. With
the rise of instruction-tuned decoder-only models, commonly known as large language models (LLMs), the field has
increasingly moved toward zero-shot and few-shot prompting. However, the performance of LLMs on text classification,
particularly on less-resourced languages, remains under-explored. In this paper, we evaluate the performance of
current language models on text classification tasks across several South Slavic languages. We compare openly
available fine-tuned BERT-like models with a selection of open-weight and closed-source LLMs across three tasks in
three domains: sentiment classification in parliamentary speeches, topic classification in news articles and parliamen-
tary speeches, and genre identification in web texts. Our results show that LLMs demonstrate strong zero-shot
performance, often matching or surpassing fine-tuned BERT-like models. Moreover, when used in a zero-shot setup,
LLMs perform comparably in South Slavic languages and English. However, we also point out key drawbacks of
LLMs, including less predictable outputs, significantly slower inference, and higher computational costs. Due to
these limitations, fine-tuned BERT-like models remain a more practical choice for large-scale automatic text annotation.

Keywords: LLM evaluation, text classification, large language models, South Slavic languages, sentiment
identification, topic classification, genre identification

1. Introduction in news articles, topic classification in parliamen-
tary speeches, and automatic genre identification
Until recently, the dominant approach for text classi- 1" Web texts. These tasks span different domains

fication tasks relied on fine-tuning BERT-like trans- ~ @Nd language styles, allowing for a comprehensive
former models on thousands of manually-annotated ~ @nalysis of the performance of transformer-based
training examples. Recently, however, the field has models on text classification tasks. SpeC|f'|caIIy,
shifted with the development of instruction-tuned e compare the performance of openly available
decoder-only transformer models. These models, fine-tuned BERT-like models with the zero-shot ca-
also commonly referred to as large language mod- pabilities of t_)oth open_-weight and closed-source
els (LLMs), which were originally developed primar- ~ LLMs used via prompting. ) _

ily for text generation tasks, have demonstrated An important aspect of our study is to examine
remarkable capabilities across a broad range of ~ Whether the performance of multilingual models on
natural language processing (NLP) tasks, includ- South Slavic languages is on par with their perfor-

ing text classification (Kuzman et al., 2023; Huang ~ Mance on English. This question is particularly
et al., 2023). relevant given that the evaluated large language

models have been predominantly pretrained and
instruction-tuned on English data.

By evaluating various models on a selection
of text classification tasks in English and various
South Slavic languages, we set out to test the fol-
lowing two hypotheses that are based on previous
experiments with fine-tuned BERT-like models and
LLMs on automatic genre identification (Kuzman
et al., 2023), news topic classification (Kuzman and
Ljubesic¢, 2025) and sentiment analysis in parlia-
mentary texts (Mochtak et al., 2025):

In this paper, we focus on South Slavic lan-
guages, where research on text classification tasks
included in our study has, until recently, been lim-
ited or even non-existent (Kuzman and Ljubesi¢,
2023; Mochtak et al., 2024; Kuzman and Ljubesic,
2025). We take a first step toward systematically
evaluating the current state of the art for text classifi-
cation in these languages. Our evaluation is based
on three text classification tasks in three different do-
mains for which manually-annotated test datasets
in South Slavic languages and fine-tuned BERT-like
classifiers are freely available: sentiment classifica- H1 Zero-shot prompting with instruction-tuned
tion of parliamentary speeches, topic classification large language models (LLMs) can achieve

1

Proceedings of Shaping Multilingual, Multimodal Al for the Social Sciences and Humanities %LMS4SSH) @ LREC 2026, pages 1-17
11 May 2026. ©ELRA Language Resources Association (ELRA), 2026



Dataset

Lang \#Instances # Labels

% Most and Least Frequent Label

Sentiment classification in parliamentary speeches

ParlaSent-EN-test | EN 2600 3 40.8% (Neutral), 26.8% (Positive)

ParlaSent-HR-test | HR 1336 3 41.9% (Negative), 17.2% (Positive)
ParlaSent-SR-test | SR 1074 3 46.2% (Negative), 17.6% (Positive)
ParlaSent-BS-test | BS 190 3 47.9% (Negative), 14.7% (Positive)

Genre classification in web texts

EN-GINCO EN 272 8 23.5% (Information/Explanation), 0.4% (Le-
gal)

X-GINCO-SL SL 80 8 15%  (Prose/Lyrical), 8.8% (Opin-
ion/Argumentation)

X-GINCO-HR HR 80 8 16.3% (Promotion), 7.5% (Instruction)

X-GINCO-MK MK 80 8 15% (News), 1% (Opinion/Argumentation)

Topic classification in news articles

IPTC-test-HR HR 291 17 11.0% (Economy), 3.8% (Conflict, War and
Peace)

IPTC-test-SL SL 282 17 10.6% (Society), 3.2% (Conflict, War and
Peace)

Topic classification in parliamentary speeches
ParlaCAP-test-EN | EN 876 22 6.4% (Law and Crime), 2.1% (Culture)
ParlaCAP-test-HR | HR 869 22 8.5% (Government Operations), 1.7% (Immi-

gration)

ParlaCAP-test-SR | SR 874 22 7.1% (Government Operations), 1.7% (Immi-
gration)
ParlaCAP-test-BS | BS 824 22 10.4% (Other), 0.5% (Culture)

Table 1: Information on test datasets in English (EN), Croatian (HR), Serbian (SR), Bosnian (BS), Slovenian

(SL), and Macedonian (MK).

results comparable to the use of BERT-like
models fine-tuned on training data that are
similar to the test data.

H2 The performance of LLMs used in a zero-shot
setup on text classification tasks on South
Slavic test datasets is comparable to the per-
formance on English test datasets.

2. Related Work

After the introduction of transformer architectures,
BERT (bidirectional encoder representations from
transformers) models have achieved state-of-the-
art results in text classification tasks, outperform-
ing earlier non-neural approaches, such as support
vector machines (SVMs). They have also demon-
strated strong cross-lingual zero-shot capabilities
in various classification tasks, including automatic
genre identification (Kuzman and Ljubesi¢, 2023),
news topic classification (Petukhova and Fachada,
2023; De Clercq et al., 2020), and sentiment clas-
sification (Mochtak et al., 2024). However, these
models still require fine-tuning on a training dataset,

developed during manual annotation campaigns
that are time-consuming and costly.

Instruction-tuned decoder-only transformer mod-
els, commonly referred to as large language models
(LLMSs), have recently shown strong performance
in a range of classification tasks, even in zero-shot
prompting setups that require no training data (Kuz-
man et al., 2023; LjubeSic¢ et al., 2024a; Huang
et al., 2023; Kuzman Pungersek et al., 2026). They
have achieved promising results on various natural
language processing tasks, including stance de-
tection (Zhang et al., 2022), implicit hate speech
categorization (Huang et al., 2023), news topic
classification (Kuzman and Ljubesi¢, 2025), auto-
matic genre identification (Kuzman et al., 2023),
causal commonsense reasoning (LjubeSi¢ et al.,
2024b), and machine translation (Hendy et al.,
2023). Due to their promising performance, re-
searchers have even started using them as data an-
notators, either by generating text and labels (Meng
et al., 2022) or by annotating pre-existing texts
(Kuzman and Ljubesié¢, 2025; Kuzman Pungersek
et al., 2026). Despite the growing interest in this
topic, the majority of evaluations of LLMs used in



text classification tasks are limited only to English
(Sun et al., 2023; Zhang et al., 2025; Kostina et al.,
2025; Zhao et al., 2024). Systematic multilingual
evaluations, especially which would include less-
resourced languages such as those in the South
Slavic group remain limited. Our work addresses
this gap by providing a comparative evaluation of
open-weight and closed-source LLMs with openly-
available fine-tuned BERT-like models across four
benchmark families comprising three diverse classi-
fication tasks and three different domains in South
Slavic languages and English.

3. Benchmarks

The benchmarks (evaluation datasets) used in this
study cover three text classification tasks, namely,
sentiment identification, topic classification, and
automatic genre identification, and three domains:
parliamentary speeches, news articles and web
texts. An overview of the datasets is provided in
Table 1. The four benchmark families differ signif-
icantly in terms of language coverage, number of
test instances, and label granularity.

The topic classification task is evaluated on two
domains: 1) news articles, namely, the Croat-
ian and Slovenian IPTC test datasets (Kuzman
and Ljubesi¢, 2025), which comprise around 300
text instances per language, and 2) parliamen-
tary speeches, namely, the Bosnian, Croatian, En-
glish and Serbian ParlaCAP test datasets (Kuz-
man PungerSek et al., 2026) that consist of ap-
proximately 820 to 880 instances per language. In
the ParlaCAP benchmarks, an instance is a tran-
scription of an utterance given by a parliamentary
member in a parliamentary session.

The topic classification task involves the highest
number of labels, that is, 17 news topic labels from
the top level of the IPTC NewsCodes Media Topic
hierarchical schema’ (IPTC, 2022), and 22 policy
topic labels (21 major topics and a label Other) from
the Comparative Agendas Project (CAP; Baumgart-
ner et al., 2019) Master Codebook (Bevan, 2019).2

In contrast, the Bosnian, Croatian, English, and
Serbian ParlaSent sentiment identification datasets
(Mochtak et al., 2024; Mochtak et al., 2023) have
a significantly lower granularity of labels, with
only 3 categories. They are represented by the
largest number of instances, ranging from 190
(Bosnian part) to 2600 (English part) sentence-level
instances.

With 8 labels, the Croatian, English, Macedonian,
and Slovenian GINCO genre datasets (Kuzman

"Mttps://show.newscodes.org/index.
html?newscodes=medtop&lang=en—-GB&
startTo=Show

thtps://www.comparativeagendas.net/
pages/master—-codebook

et al., 2023) represent a midpoint in label gran-
ularity among the four benchmark families. How-
ever, the genre identification task might be the most
difficult one, as genre identification depends on
the interpretation of full texts with the focus on au-
thor’s purpose, the common function of the text,
and the text’s conventional form (Orlikowski and
Yates, 1994). This complexity has also contributed
to smaller test datasets in terms of the number of
text instances, as manual annotation is more time-
consuming. It is also important to note that, unlike
the parliamentary datasets, the English portion of
the genre datasets is not fully comparable to the
South Slavic portions, which are label-balanced
and contain fewer ambiguous instances. Neverthe-
less, the genre datasets remain valuable for evalu-
ating model performance within each language.

All test datasets were manually annotated by an-
notators that are deemed reliable based on their sat-
isfactory inter-annotator agreement, namely, Krip-
pendorff’s alpha (Krippendorff, 2018) values close
to or above the 0.667 threshold for reliable anno-
tation. To prevent large language models from in-
corporating the test datasets during their training
phase, the test datasets are not publicly available,
except for the ParlaSent benchmark family. Ac-
cess to other datasets is granted on request from
the corresponding authors. Further details on the
test datasets are provided in Section A.1 of the
Appendix.

4. Methodology

In this paper, we evaluate the main machine learn-
ing approaches that have recently been used for
our selection of text classification tasks, with a fo-
cus on the comparison between the freely available
fine-tuned BERT models and the open-weight and
closed-source LLMs.® The models are evaluated
on four families of test datasets that comprise South
Slavic languages. The performance of the models
is evaluated based on the micro-F1 and macro-F1
metrics, which enable assessment of the model
performance at both the instance and label levels,
respectively.

The following machine learning models are in-
cluded in the evaluation:

+ dummy classifier: a dummy classifier that
predicts the most frequent class in the train-
ing data. To allow comparison, the dummy
classifiers were trained on the same datasets
that were used for fine-tuning the BERT-like
models, mentioned below.

evaluation
available at

5The code for the model
and analysis of results s
https://github.com/TajaKuzman/

Benchmarking-Text—-Classification-on-South-Slavic.
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« fine-tuned BERT-like classifiers: in our
study, we evaluate previously developed
openly accessible multilingual fine-tuned
BERT-like models that have been fine-tuned
for the respective task, namely, the XLM-R-
ParlaSent (Rupnik et al., 2023; Mochtak et al.,
2024) model for sentiment identification in
parliamentary texts, the X-GENRE classifier
(Kuzman et al., 2023; Kuzman and Ljubesic,
2024d, 2023) for automatic genre identification,
the IPTC News Topic classifier (Kuzman and
Ljubesié, 2025; Kuzman and Ljubesi¢, 2025)
for news topic classification, and the ParlaCAP
classifier (Kuzman Pungersek et al., 2026;
Kuzman PungerSek and Ljubesi¢, 2025) for
topic classification in parliamentary speeches.
The XLM-R-ParlaSent and the ParlaCAP mod-
els are based on the XLM-R-parla pretrained
model (Ljubesi¢ et al., 2023) that was de-
veloped by additionally pretraining the large-
sized XLM-RoBERTa model (Conneau et al.,
2020) on parliamentary proceedings in 30 Eu-
ropean languages (Mochtak et al., 2024). The
XLM-R-ParlaSent model was fine-tuned on
13 thousand instances from the ParlaSent
sentiment training dataset (Mochtak et al.,
2023) in seven European languages (Bosnian,
Croatian, Czech, English, Serbian, Slovak,
and Slovenian; Mochtak et al., 2024), while
the ParlaCAP model was fine-tuned on the
ParlaCAP-train dataset (Kuzman Pungersek
and Ljubesié, 2026; Kuzman PungerSek et al.,
2026) that comprises around 30 thousand
speeches from parliamentary debates anno-
tated with CAP topic labels, originating from
the ParlaMint 4.1 parliamentary datasets (Er-
javec et al., 2024; Erjavec et al., 2025) in 29
European languages. The X-GENRE classi-
fier is based on the base-sized XLM-RoBERTa
model (Conneau et al., 2020) and was fine-
tuned on the training split of the X-GENRE
dataset (Kuzman and Ljubesié, 2024a) in En-
glish and Slovenian; while the IPTC News
Topic classifier is based on the large-sized
XLM-RoBERTa model (Conneau et al., 2020)
that was fine-tuned on the EMMediaTopic
dataset (Kuzman and Ljubesié, 2024c) in Cata-
lan, Croatian, Greek, and Slovenian. All fine-
tuned models use the same classes as the test
datasets used in our study.

open-weight and closed-source large lan-
guage models: we use closed-source OpenAl
models, namely the GPT-3.5-Turbo (gpt-3.5-
turbo-0125; OpenAl, 2023), GPT-40 (gpt-
40-2024-08-06; OpenAl, 2024) and the
GPT-5 (gpt-5-2025-08-07; OpenAl, 2025);
a closed-source Gemini 2.5 Flash model (Co-
manici et al., 2025) by Google DeepMind;

a closed-source Mistral Medium 3.1 model
(mistral-medium-2508; Mistral Al, 2025)
by Mistral Al; and four open-weight models,
namely, the Meta LLaMA 3.3 model (Meta,
2024), the Gemma 3 model (Gemma Team
et al., 2025), the Qwen 3 model (Yang et al.,
2025), and the DeepSeek-R1-Distill model
(DeepSeek-R1-Distill-Qwen-14B; Guo
et al., 2025). It is important to note that while
the LLaMA model was pretrained on a web text
collection in various languages, it is said to sup-
port only 8 languages, namely English, Ger-
man, French, ltalian, Portuguese, Hindi, Span-
ish, and Thai (Meta, 2024). The DeepSeek-
R1-Distill model is based on the Qwen 2.5
model (Qwen Team, 2024b,a) that provides
support for more than 29 languages — not in-
cluding South Slavic languages though. In
contrast, the Gemma 3 model is reported to
support over 140 languages (Gemma Team
et al., 2025), and the Qwen 3 model was pre-
trained on 119 languages (Yang et al., 2025).
While closed-source models are said to be
massively multilingual, with Gemini 2.5 mod-
els being pretrained on over 400 languages
(Comanici et al., 2025), details on their lan-
guage coverage are very limited.

Open-weight models were installed locally and
executed via the Ollama API service (Mari¢ et al.,
2025). OpenAl models were used through the
chat completion endpoint via the OpenAl API,
whereas other closed-source models were ac-
cessed through the OpenRouter platform* that pro-
vides a unified API access to various closed-source
models. To prevent any bias, all models were used
with their default parameters. The only parameter
that we defined is the temperature which we set to
0 to ensure a more deterministic behaviour of the
models. More details on the models and their imple-
mentation, including information on the availability
of openly available models and fine-tuning datasets,
are provided in Section A.2 of the Appendix.

All instruction-tuned LLMs are used in a zero-
shot prompting setup, meaning that they receive
only a task description and label definitions. All
prompts and label definitions are written in English,
while the instances are provided in the original lan-
guages (English or South Slavic). Changing the lan-
guage of the prompt could introduce an additional
factor that affects performance. In the presented ex-
periments, our goal is to assess model performance
on a specific task and language, rather than to
evaluate their instruction-following abilities across
different languages. The models are instructed to
output a label, represented by a digit. The same
prompt per benchmark family is used for all LLMs.

*https://openrouter.ai/
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Prompts are provided in Figure 4 in Section A.2 of
the Appendix.

5. Results

In this section, we evaluate the performance of the
fine-tuned BERT-like models and the instruction-
tuned LLMs on a selection of text classification
tasks that include test datasets in South Slavic lan-
guages. First, in Section 5.1, we provide results on
the four benchmark families with a focus on hypoth-
esis H1, which expects that zero-shot prompting
with LLMs can provide performance that is com-
parable to that of fine-tuned BERT-like models. In
Section 5.2, we compare in more detail the per-
formance of the closed-source and open-weight
LLMs on the three text classification tasks, which
is followed by a discussion on the advantages and
limitations of LLMs for data annotation based on
text classification tasks (Section 5.3). Lastly, in
Section 5.4, we compare the performance of LLMs
on English test datasets with their performance
on South Slavic datasets, addressing hypothesis
H2, which presumes that the available multilingual
LLMs perform similarly on South Slavic languages
as on English.

Model Rank | Rank Rank
(EN) (South
Slavic)
GPT-5 2.29 | 1.33 2.55
GPT-40 2.36 | 2.00 2.45
Fine-Tuned BERT-
Like Model 3.21 | 4.67 2.82
Gemini 2.5 Flash 3.50 | 3.33 3.55
Mistral Medium 3.1 5.36 | 5.00 5.45
Gemma 3 5.71 | 5.67 5.73
LLaMA 3.3 6.00 | 6.67 5.82
Qwen 3 7.43 | 7.00 7.55
GPT-3.5-Turbo 8.79 | 9.00 8.73
g;‘;ﬁseek'm' 10.00| 10.00 | 10.00

Table 2: Comparison of models based on their
average rank (1 = best-performing, 10 = worst-
performing) across all test datasets (first column),
and averaged across English (second column) or
South Slavic (third column) test datasets.

5.1. State of the Art in Text Classification
Tasks

Figure 1 provides the results of model evaluation
on our selection of text classification tasks. A con-
sistent pattern emerges across all four benchmark

families: LLMs, when used in a zero-shot prompt-
ing setup, achieve some of the highest scores. As
shown in Table 2, which compares model rankings
across tasks, LLMs achieve first place more often
on average than the fine-tuned BERT-like model.

Figure 1a shows that both open-weight and
closed-source LLMs, used in a zero-shot prompting
setup on the sentiment identification task, achieve
performance that is comparable or even signifi-
cantly higher than that of a fine-tuned BERT-like
model trained on a large manually-annotated sen-
timent dataset. The only models that consistently
perform worse than the fine-tuned BERT-like model
are GPT-3.5-Turbo and DeepSeek-R1-Distill. Sen-
timent classification appears broad enough that
more potent LLMs can interpret label definitions ef-
fectively without task-specific fine-tuning, reducing
the benefit of additional training.

In contrast, fine-tuned BERT-like models outper-
form most LLMs on automatic genre identification
and topic classification tasks. These tasks depend
on predefined label sets based on specific guide-
lines, and the strong performance of fine-tuned
BERT-like models indicates that domain-specific
fine-tuning on labelled data still offers an advantage
over the general knowledge leveraged by LLMs in
zero-shot setups. This advantage is particularly
clear in genre identification for South Slavic texts,
where the fine-tuned BERT-like model significantly
outperforms LLMs. The likely reason for the fine-
tuned model’s very strong performance on South
Slavic genre datasets is the curated nature of the
test data — more challenging examples were re-
moved before and during manual annotation, un-
like in the English genre test dataset where the
instances were randomly sampled from an English
web corpus. Nevertheless, despite this limitation,
the South Slavic test dataset remains valuable for
comparing the performance of LLMs.

To conclude, since some LLMs used in a zero-
shot prompting setup achieve higher or compara-
ble results to fine-tuned BERT-like models across
all classification tasks and languages, as shown
in Table 2, we can confirm hypothesis H1, which
proposed that zero-shot prompting with LLMs can
perform comparably to fine-tuned BERT-like mod-
els.

5.2. Comparison of Large Language
Models

Figure 2 shows the performance of open-weight
and closed-source LLMs, used via prompting, on
the tasks of sentiment identification, automatic
genre identification, news topic classification, and
parliamentary topic classification. The DeepSeek-
R1-Distill model is not included in the comparison,
as it performs significantly worse than the other
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(d) Parliamentary topic classification.

Figure 1: Micro-F1 and macro-F1 scores across models and languages on the test datasets for sentiment
classification (Figure 1a), automatic genre identification (Figure 1b), and topic classification on news

(Figure 1c) and parliamentary speeches (Figure 1d).

models, as shown in Figure 1.

While different models perform best across dif-
ferent languages and test datasets, a clear trend
emerges: the top-performing models across all four
benchmark families are the closed-source GPT-40
and GPT-5 from OpenAl, along with Gemini 2.5
Flash. Although GPT-5 is newer and reportedly
more powerful, it does not outperform GPT-40 on all
benchmarks. Among open-weight models, Gemma
3 generally achieves the best results in sentiment
identification (Figure 2a) and news topic classifica-
tion (Figure 2c). For automatic genre identification
(Figure 2b) and parliamentary topic classification
(Figure 2d), rankings of open-weight models vary
by language. Overall, the weakest performance is
observed with the older closed-source GPT-3.5-
Turbo model, highlighting the rapid progress in
both open-weight and closed-source model devel-
opment.

5.3. Advantages and Disadvantages of
LLMs

A clear advantage of LLMs is that they do not re-
quire manually-annotated training data for specific
tasks, yet still achieve strong performance when
provided only with task instructions and brief label
descriptions. However, these models are signifi-
cantly more computationally expensive than fine-
tuned BERT-like models. While closed-source mod-
els deliver the best performance, as shown in pre-
vious sections, they come with several limitations:
they are costly to use, their architectures and pre-
training data are not publicly disclosed, and access
through APlIs hinders reproducibility, in contrast to
open-weight LLMs and fine-tuned BERT-like mod-
els.

What is more, the inference speed of all LLMs
is significantly slower than that of a fine-tuned
BERT-like model. As shown in Figure 3, the fine-
tuned BERT-like model achieves one of the highest
macro-F1 scores on the topic classification task
for parliamentary speeches, while maintaining a
very low inference time of just 0.02 seconds per
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Figure 2: Comparison of LLMs used in a zero-shot prompting setup on sentiment identification (Figure 2a),
automatic genre identification (Figure 2b), and topic classification on news (Figure 2c) and parliamentary

speeches (Figure 2d).
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Figure 3: Comparison of models on the parliamen-
tary topic classification based on their inference
speed (seconds per instance) and performance
(macro-F1 scores), both averaged across all four
languages.

instance. In contrast, most LLMs have inference
times between 0.6 and 1.4 seconds per instance,
making them three to seven times slower for an-

notating the same dataset. The slowest model,
GPT-5, takes 5.5 seconds per instance, which ren-
ders it impractical for large-scale automatic anno-
tation of text collections. In this regard, fine-tuned
BERT-like models offer a key advantage due to
their lower computational cost and higher inference
speed. Moreover, they can be trained on training
data that is annotated by LLMs using the recently in-
troduced LLM teacher-student paradigm (Kuzman
and Ljubesié¢, 2025), which considerably reduces
the effort needed to develop task-specific models.

Another limitation of LLMs, as revealed by the
experiments, is their occasional deviation from the
defined label set. This issue was especially notice-
able in topic classification and, to a lesser extent,
in genre identification. The highest rate of label
hallucination was found in the DeepSeek-R1-Distill
model, which produced non-existing labels for 8%
of instances in the news topic test datasets and 4%
in the genre test dataset. Similar issues were also
observed, though much less frequently (less than
1%), with the LLaMA 3.3, Gemma 3, Qwen 3 and
Mistral Medium 3.1 models. In contrast, fine-tuned



BERT-like models do not suffer from this issue, as
they output probabilities for the predefined classes.

Model Difference Difference
(sentiment) (topic)
GPT-5 0.02 0.05
GPT-40 0.04 0.08
Gemini 2.5 | 0.04 0.08
Flash
Gemma 3 0.05 0.07
LLaMA 3.3 0.05 0.07
Mistral 0.07 0.09
Medium
3.1
Qwen 3 0.07 0.10
GPT-3.5- 0.07 0.03
Turbo

Table 3: Difference between model performance in
macro-F1 scores obtained on sentiment and topic
classification in parliamentary texts on English ver-
sus the average macro-F1 scores on South Slavic
languages.

5.4. Performance on English versus on
South Slavic languages

The sentiment identification ParlaSent and the
topic classification ParlaCAP benchmark families
comprise test datasets in South Slavic languages
and English that were constructed with the same
methodology. Thus, they also allow for a compari-
son of the performance of the LLMs on English, a
highly resourced language, with South Slavic lan-
guages, which are significantly less represented
in the pretraining and instruction-tuning datasets
used to develop large language models.

As shown in Table 3, the differences in macro-F1
scores between English and the average of macro-
F1 scores for South Slavic languages are relatively
small for sentiment identification, ranging from 2 to
7 points. For topic classification, the performance
gap is slightly larger, ranging from 3 to 10 points.
This is likely due to the increased difficulty of the
task, which involves greater label granularity: 22
labels compared to just 3 in sentiment classifica-
tion. These findings partially confirm hypothesis
H2, which stated that LLMs, when used in a zero-
shot setup, perform comparably on text classifica-
tion tasks in South Slavic languages as they do on
English.

Interestingly, even the open-weight LLaMA 3.3
model — reported to support only eight languages,
excluding the South Slavic group — does not show
a substantial performance drop when applied to
South Slavic languages compared to English.

6. Conclusion

In this paper, we evaluated how well current ma-
chine learning technologies handle text classifica-
tion tasks in South Slavic languages. We compared
fine-tuned BERT-like models with decoder-only gen-
erative large language models (LLMs) that are used
in a zero-shot prompting setup across three tasks
and three text domains: sentiment classification in
parliamentary texts, news topic classification, topic
classification in parliamentary texts, and automatic
genre identification on web texts.

Our results show that LLMs used with prompting,
where only a brief task description and labels were
provided, achieved strong results across all tasks
and languages, particularly the closed-source GPT-
40 (OpenAl, 2024), GPT-5 (OpenAl, 2025) and
Gemini 2.5 Flash (Comanici et al., 2025) models.
The performance of LLMs is comparable or higher
than that of fine-tuned BERT-like models special-
ized for the tasks. On the sentiment identification
task, most open-weight and closed-source LLMs
outperformed the fine-tuned model, demonstrating
strong general knowledge of the notion of senti-
ment. For genre and topic classification, however,
fine-tuning BERT-like models remains beneficial,
as these tasks rely on predefined label sets and
fine-tuning aligns the models more closely with the
task requirements.

Interestingly, LLMs perform similarly in English
and South Slavic languages, with rather minor
drops in micro- and macro-F1 scores, namely a
drop of 2 to 7 points in terms of macro-F1 scores
on sentiment classification, and a slightly higher
drop from 3 to 10 points on topic classification in
parliamentary texts. This suggests that the gap in
multilingual performance is smaller than expected,
even for open-weight models not explicitly dedi-
cated to these languages.

Although large language models offer impressive
zero-shot performance and reduce the need for an-
notated data, they come with higher computational
costs and are more prone to producing invalid la-
bels. Moreover, their inference speed is at least
three times slower than that of the fine-tuned BERT-
like models. Thus, their use in use cases with ex-
tensive data to be processed, such as automatic
enrichment of large corpora with text categories,
remains impractical due to their high computational
demands. In contrast, fine-tuned BERT-like mod-
els are more computationally efficient and can be
better tailored to the specific characteristics of a
task and its domain. They remain a practical and
reliable choice for text classification tasks, espe-
cially when computational resources are limited,
high inference speed is desired or output reliabil-
ity is critical. Moreover, it is possible to combine
the strengths of both approaches, as proposed by



the LLM teacher-student paradigm (Kuzman and
Ljubesi¢, 2025): LLMs can be used to automatically
annotate training data, reducing the need for costly
and time-consuming manual annotation, while fine-
tuned BERT-like models can then be trained on
these datasets.

This study represents only an initial step to sys-
tematically benchmark text classification perfor-
mance in South Slavic languages. Although our
evaluation includes four diverse benchmark fam-
ilies, some of the test datasets remain relatively
small. Future work will aim to increase dataset
sizes, include more South Slavic languages and di-
alects, and introduce additional classification tasks.
As new large language models continue to emerge
rapidly, it will also be important to establish ongo-
ing evaluations to track whether their performance
continues to improve, particularly on South Slavic
languages. Importantly, this study only evaluated
the performance of LLMs in a zero-shot prompting
setup. In future work, we plan to extend the evalu-
ation to include few-shot prompting and fine-tuning
on training data. To support further research and fa-
cilitate reproducibility, we have made all code, eval-
uation scripts, and results publicly available.® Ad-
ditionally, we have developed an interactive dash-
board® that enables users to explore the results
of our evaluation of large language models on the
tasks presented in this paper, as well as on addi-
tional commonsense reasoning tasks. The dash-
board is an ongoing project that monitors the per-
formance of newly released large language models
on South Slavic languages and dialects. In future
work, we plan to expand both the range of tasks
and the coverage of South Slavic languages and
dialects included in the dashboard.

7. Ethical Considerations and
Limitations

Our study has several limitations that should be
acknowledged. First, while we aimed to include
a broad set of South Slavic languages, some —
most notably Bulgarian — were not covered in our
experiments. We assume that the performance
on Bulgarian would be similar to that observed
for Macedonian, given their close linguistic prox-
imity, or the results for Bulgarian could be slightly
better, as Macedonian is comparatively more low-
resourced. Moreover, due to the high computa-
tional cost of evaluating the LLMs on all the test
datasets and the financial cost associated with the

Shttps://github.com/TajaKuzman/

use of closed-source models, each model was eval-
uated on each dataset only once. This setup pre-
vents us from fully estimating the variance of the
results, however, based on our preliminary experi-
ments, we expect this variance to be relatively small.
Finally, the scope of our evaluation remains limited
in terms of test datasets, language coverage and
tasks. Expanding the range of benchmarks would
allow for a more comprehensive validation of our
findings, particularly regarding the hypothesis that
LLMs can perform on par with fine-tuned BERT-
like models across diverse natural language under-
standing tasks, languages and language varieties.
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A. Appendix

A1,

In this section, we provide additional information
on the datasets used for benchmarking the models
on sentiment identification, topic classification, and
genre identification tasks in this study.

Benchmarking Datasets

ParlaSent test datasets for sentiment classifica-
tion in parliamentary speeches include Croa-
tian, Serbian, Bosnian, and English data from
the multilingual sentiment dataset of parliamen-
tary debates ParlaSent 1.0 (Mochtak et al., 2024,
Mochtak et al., 2023).” The dataset comprises
sentences that were randomly sampled from Croa-
tian, Serbian, Bosnian and British parliamentary
corpora and manually annotated with reported inter-
annotator agreement ranging from 0.53 to 0.66 in
Krippendorff's alpha (Krippendorff, 2018). The an-
notation involved a more granular six-level senti-
ment polarity scale that has been mapped to a
three-level sentiment polarity scale which we use
in our experiments: negative (0), neutral (1), and
positive (2).

GINCO datasets for automatic genre identifi-
cation comprise the English EN-GINCO dataset
(Kuzman et al., 2023) and a multilingual X-GINCO
dataset from the AGILE benchmark for Automatic
Genre Identification.® The test instances were
sampled from the enTenTen20 English web cor-
pus (Jakubicek et al., 2013) and the MaCoCu
multilingual web corpus collection (Bafnoén et al.,
2022). They were manually annotated by ex-
perts with a background in linguistics and compu-
tational linguistics who had experience with previ-
ous genre annotation campaigns (Kuzman et al.,
2022, 2023) where they reached an acceptable
inter-annotator agreement of 0.71 in nominal Krip-
pendorff’s alpha (Krippendorff, 2018). While the
X-GINCO dataset comprises numerous European
languages, for the purposes of this study, we fo-
cus on three South Slavic languages: Croatian,
Macedonian, and Slovenian. The test datasets
use the X-GENRE annotation schema (Kuzman
etal., 2023) that includes the following genre labels:
Information/Explanation, News, Instruction, Opin-
ion/Argumentation, Forum, Prose/Lyrical, Legal
and Promotion. While EN-GINCO and X-GINCO
datasets have been annotated by the same anno-
tator with the same schema, one should note that

"Available in the CLARIN.SI repository at http://
hdl.handle.net/11356/1585 and in the Hugging Face
repository at https://huggingface.co/datasets/classla/
ParlaSent.

8https://github.com/TajaKuzman/
AGILE-Automatic-Genre-Identification-Benchmark
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there are important differences between them in
terms of their construction — the English test dataset
was sampled randomly from the web corpus, result-
ing in an unbalanced label distribution, while the X-
GINCO datasets were curated with more deliberate
interventions to ensure a balanced label distribu-
tion and a more controlled sampling process. Con-
sequently, the X-GINCO datasets comprise fewer
ambiguous instances and could be regarded as an
easier test dataset.

IPTC News Topic test datasets (Kuzman and
Ljubesi¢, 2025) comprise Croatian and Slovenian
news articles extracted from the MaCoCu-Genre
web corpus collection (Kuzman and LjubeSic,
2024b) and manually annotated by one annotator.
The reliability of the annotator was confirmed on a
sample of data that was annotated by an additional
annotator. The two annotators reached an accept-
able inter-annotator agreement of 0.73 in nominal
Krippendorff’'s alpha (Krippendorff, 2018). Text in-
stances are annotated with 17 topic labels from the
top level of the IPTC NewsCodes Media Topic hi-
erarchical schema, developed by the International
Press Telecommunications Council (IPTC) (IPTC,
2022). The datasets are more or less balanced by
labels.

ParlaCAP test datasets (Kuzman Pungersek
et al., 2026) comprise parliamentary speeches in
Bosnian, Croatian, English, and Serbian, sourced
from the ParlaMint 4.1 dataset (Erjavec et al., 2024;
Erjavec et al., 2025). These speeches were anno-
tated by a single expert annotator using the 21 CAP
categories from the official CAP schema (Baum-
gartner et al., 2019), along with an additional Other
label. The datasets are approximately balanced
across labels. To assess the annotation quality, the
Croatian dataset was independently annotated by
two additional annotators. Inter-annotator agree-
ment between the expert annotator and the others
ranged from 0.62 to 0.68 in Krippendorff's alpha,
which is around the threshold of 0.67 typically con-
sidered acceptable for annotation reliability (Krip-
pendorff, 2018).

A.2. Models

In the following subsections, we outline the models
included in the evaluation — the fine-tuned BERT-
like classifiers (Section A.2.1) and the open-weight
and closed-source LLMs (Section A.2.2).

A.2.1. Fine-Tuned BERT-like Models

BERT (bidirectional encoder representations from
transformers) deep neural models (Kenton and
Toutanova, 2019) have revolutionized the field of


http://hdl.handle.net/11356/1585
http://hdl.handle.net/11356/1585
https://huggingface.co/datasets/classla/ParlaSent
https://huggingface.co/datasets/classla/ParlaSent
https://github.com/TajaKuzman/AGILE-Automatic-Genre-Identification-Benchmark
https://github.com/TajaKuzman/AGILE-Automatic-Genre-Identification-Benchmark

natural language processing (NLP), outperform-
ing non-neural methods across various NLP tasks.
They have a more complex and computationally
expensive architecture featuring transformers —
neural networks with self-attention mechanisms
(Vaswani et al., 2017) — that significantly improves
the efficiency of training the models on massive text
data. Similarly to decoder-only transformer models,
BERT models are pretrained on massive amounts
of texts, possibly in multiple languages, which es-
tablishes their ability to encode the words and texts
in high-dimensional vector spaces (Minaee et al.,
2020) and enables their application even across
languages in a zero-shot classification scenario.
To develop BERT-based classifiers, the pretrained
models are trained, that is, fine-tuned, on a training
dataset comprising text instances annotated with
labels. In our study, we evaluate openly-accessible
multilingual fine-tuned BERT-like models that have
already been developed in recent related research.
Namely, we evaluate the following models:

+ IPTC News Topic classifier® (Kuzman and
Ljubesi¢, 2025) is a multilingual fine-tuned
BERT-like model for news topic classification
according to the top-level IPTC NewsCodes
schema (IPTC, 2022). The model is based on
the large-sized XLM-RoBERTa model (Con-
neau et al.,, 2020) and was fine-tuned on
15,000 training text instances from the EM-
MediaTopic'® dataset (Kuzman and Ljubesic,
2024c). The training dataset contains news
article instances in four languages: Catalan,
Croatian, Greek, and Slovenian. The training
dataset was annotated using an LLM that was
shown to achieve annotation reliability compa-
rable to that of human annotators (Kuzman and
Ljubesic, 2025). This approach is based on the
novel methodology that uses the LLM teacher-
student pipeline to develop BERT-like classi-
fiers in the absence of manually-annotated
training data.

* XLM-R-ParlaSent (Rupnik et al.,, 2023;
Mochtak et al., 2024) is a domain-specific mul-
tilingual transformer model for sentiment iden-
tification in parliamentary texts. It is based on
the XLM-R-parla pretrained model (Ljube8i¢
et al., 2023) that was developed by addition-
ally pretraining the large-sized XLM-RoBERTa
model (Conneau et al., 2020) on 1.72 billion
words from parliamentary proceedings in 30
European languages. To develop the XLM-

°The IPTC News Topic classifier is available in
the Hugging Face repository at https://huggingface.co/
classla/multilingual-IPTC-news-topic-classifier.

°The EMMediaTopic training dataset is available in
the CLARIN.SI repository at http://hdl.handle.net/11356/
1991.
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R-ParlaSent model,'" the pretrained XLM-R-
Parla model was fine-tuned on the ParlaSent
sentiment training dataset (Mochtak et al.,
2024; Mochtak et al., 2023) in seven Euro-
pean languages (Bosnian, Croatian, Czech,
English, Serbian, Slovak, and Slovenian). The
training dataset'? comprises 13,000 instances
sampled from parliamentary proceedings and
manually annotated with sentiment labels.

ParlaCAP classifier'® (Kuzman Pungersek
and Ljubesi¢, 2025; Kuzman Pungersek et al.,
2026) is a domain-specific multilingual trans-
former model for topic classification in par-
liamentary texts based on the CAP schema
(Baumgartner et al., 2019). As the XLM-
R-ParlaSent model, this model is based on
the XLM-R-parla pretrained model (LjubeSi¢
et al., 2023; Mochtak et al., 2024). The XLM-
R-parla model was then fine-tuned on the
ParlaCAP-train dataset'* (Kuzman Pungersek
and Ljubesi¢, 2026; Kuzman Pungersek et al.,
2026). The training dataset comprises around
30 thousand speeches from parliamentary de-
bates from the ParlaMint 4.1 parliamentary
datasets (Erjavec et al., 2024; Erjavec et al.,
2025) in 29 European languages. The train-
ing dataset was annotated with the CAP cat-
egories by a GPT-40 (OpenAl, 2024) model
used in a zero-shot prompting setup, follow-
ing the LLM teacher-student framework (Kuz-
man and Ljubesi¢, 2025). Based on the inter-
annotator agreement, calculated on a sample
that was annotated by three human annota-
tors and the LLM annotator, the agreement
between the LLM and the human annotators
was comparable to the agreement between the
human annotators themselves. This indicates
that the LLM performs as reliably as human
annotators on this task, supporting its use for
annotating the training data.

X-GENRE classifier (Kuzman et al., 2023;
Kuzman and Ljubesi¢, 2024d) is a multilin-
gual fine-tuned BERT-like model for automatic
genre identification.’® The model is based on

""The XLM-R-ParlaSent model is accessible in the
Hugging Face repository at https://huggingface.co/
classla/xim-r-parlasent.

2The ParlaSent training and test datasets are freely
available in the CLARIN.SI repository at http://hdl.handle.
net/11356/1868.

8The ParlaCAP topic classifier is available in the Hug-
ging Face repository at https://huggingface.co/classla/
ParlaCAP-Topic-Classifier.

4The ParlaCAP-train training dataset is available in
the CLARIN.SI repository at http://hdl.handle.net/11356/
2093.

®The X-GENRE classifier is freely available in the
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the base-sized XLM-RoBERTa model (Con-
neau et al., 2020) and was fine-tuned on the
training split of the X-GENRE dataset (Kuz-
man and Ljubesi¢, 2024a), which contains
1,772 text instances in Slovenian and English,
manually-annotated with genre labels from the
X-GENRE schema (Kuzman et al., 2023).
A.2.2. Instruction-Tuned Large Language
Models

As the BERT models, decoder-only large language
models are based on a transformer deep neural
architecture and are pretrained on massive text
collections. However, while the development of
fine-tuned BERT-like classifiers necessitates large
amounts of annotated training data, recent ad-
vances in the field have shown that the instruction-
tuned LLMs are capable of text classification in a
zero-shot or few-shot prompting setups which do
not require any training data. We assess the per-
formance of the following large language models:

* OpenAl models, namely the GPT-3.5-Turbo
(gpt-3.5-turbo-0125) (OpenAl, 2023),
GPT-40 (gpt-40-2024-08-06) (OpenAl,
2024) and the GPT-5 (gpt-5-2025-08-
07) (OpenAl, 2025). These closed-source
instruction-tuned LLMs were developed by
OpenAl. OpenAl states that the models are
trained on large multilingual web corpora, how-
ever, specific details about the training data,
procedures, and architecture are not publicly
known.

Gemini 2.5 Flash model (Comanici et al.,
2025) is a closed-source multilingual and multi-
modal instruction-tuned LLM by Google Deep-
Mind. The model is reported to be pretrained
on over 400 languages (Comanici et al., 2025),
however, details on the language coverage are
not available.

Mistral Medium 3.1 model (mistral-
medium-2508) (Mistral Al, 2025) is a closed-
source multimodal instruction-tuned model by
Mistral Al. Available details on the model archi-
tecture and language coverage are very lim-
ited.

LLaMA 3.3 model'® (Meta, 2024) is an open-
weight instruction-tuned multilingual LLM, de-
veloped by Meta, with 70 billion parameters.
The model was pretrained on a web text col-
lection in various languages, however, it is re-
ported to support only 8 languages, namely,

Hugging Face repository at https://doi.org/10.57967/hf/
0927 and the CLARIN.SI repository at http://hdl.handle.
net/11356/1961.

'®https://ollama.com/library/llama3.3
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English, German, French, Italian, Portuguese,
Hindi, Spanish, and Thai.

Gemma 3 model'” (Gemma Team et al.,
2025) is an open-weight multilingual
instruction-tuned LLM, developed by Google
DeepMind. The model was pretrained on
multimodal data with large quantities of
multilingual texts and is reported to support
over 140 languages. We use the model in 27
billion parameter size.

DeepSeek-R1-Distill'® (Guo et al., 2025) is
an open-weight reasoning LLM, developed by
DeepSeek Al. We use the distilled model in 14
billion parameter size, namely the DeepSeek—
R1-Distill-Qwen-14B model. The model
is based on the Qwen 2.5 model (Qwen
Team, 2024b,a) that was fine-tuned using a
dataset curated with the DeepSeek-R1 reason-
ing model. The Qwen 2.5 model provides mul-
tilingual support for over 29 languages, includ-
ing Chinese, English, French, Spanish, Por-
tuguese, German, Italian, Russian, Japanese,
Korean, Vietnamese, Thai, and Arabic.

Qwen 39 (owen3-2504) (Yang et al., 2025)
is an open-weight LLM, developed by Alibaba
Cloud. We use the model with the 32 billion pa-
rameter size, namely, the qwen3: 32b model.
The model is said to support over 100 lan-
guages and dialects (Yang et al., 2025).

Open-weight models were installed locally and
executed via the Ollama API service (Mari¢ et al.,
2025). We use the quantized versions of the mod-
els as they are available through the Ollama li-
brary.?® OpenAl models are used through the
chat completion endpoint via the OpenAl API,
whereas other closed-source models were ac-
cessed through the OpenRouter platform?' that
provides a unified APl access to various closed-
source models.

To prevent any bias, all models were used with
their default parameters. The only parameter that
we defined is the temperature which we set to 0
to ensure a more deterministic behaviour of the
models. The same prompts were used for all open-
weight and closed-source models. In Figure 4, we
provide prompts that were provided to the LLMs
for zero-shot text classification, namely for senti-
ment classification (Figure 4a), automatic genre
identification (Figure 4b), news topic classification
(Figure 4c) and topic classification in parliamentary

https://ollama.com/library/gemma3
Bhttps://ollama.com/library/deepseek-r1:14b
%https://ollama.com/library/qwen3
Dhttps://ollama.com/library
2'https://openrouter.ai/
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https://ollama.com/library/gemma3
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https://ollama.com/library/qwen3
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speeches (Figure 4d). For more details on the se-
tups used to apply fine-tuned BERT-like models
and instruction-tuned LLMs to the test datasets,
refer to the code published on GitHub.??

2https://github.com/TajaKuzman/
Benchmarking- Text-Classification-on-South-Slavic
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### Task
Your task is to classify the provided parliamentary text into a sentiment
label, meaning that you need to recognize whether the speaker's sentiment towards the topic
is negative, neutral, positive or somewhere in between. You will be provided with an excerpt
from a parliamentary speech in {lang} language, delimited by single quotation marks. Always
provide a label, even if you are not sure

### Output format
Return a valid JSON dictionary with the following key: 'sentiment’ and a
value should be an integer which represents one of the labels according to the following

dictionary: {sentiment_description}

Text: '{text}'

(a) Sentiment classification.

### Task

Your task is to classify the provided text into a topic label, meaning that you
need to recognize what is the topic of the text. You will be provided with a news text
delimited by single quotation marks. Always provide a label, even if you are not sure

### Output format
Return a valid JSON dictionary with the following key: 'topic' and a value

should be an integer which represents one of the labels according to the following
dictionary: {label dict with_description}.

Text: '{text}'

(c) News topic classification.

#it# Task

Your task is to classify the following text according to genre. Genres are
text types, defined by the function of the text, author’s purpose and form of the text.
Always provide a label, even if you are not sure

### Output format

Return a valid JSON dictionary with the following key: 'genre’ and a

value should be an integer which represents one of the labels according to the following
dictionary: {labels_dict}.

Text: '{text}'

(b) Automatic genre identification.

led text into a policy agenda topic label, meaning that you need to recognize what
ovided with an excerpt from a parliamentary speech from the parlianent in
5. Aluays provide a label, even if you are not sure.

is the predominant

Language,

110w the following rul policy area and a policy instrument (e.g., taxes, las), pick
the label based on the area, not the ins

(ducation))

t (e.g., amotate mortgage tax changes with 14 (Housing), law on education with &

#2# Output format
Return a valid JSON d

Sonary.
of the labels according to the following dictionary

th the following key: 'topic' and a value should be an integer which represents one

Text

(d) Parliamentary topic classification.

Figure 4: The prompts that are provided to the LLMs for the sentiment identification task (Figure 4a),
automatic genre identification (Figure 4b), and topic classification on news (Figure 4c) and parliamentary
speeches (Figure 4d). The prompts comprise the description of the task and labels with short descriptions.
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