
ROBUST MULTILINGUAL
AUTOMATIC GENRE IDENTIFICATION IN

TEXTS

Taja Kuzman Pungeršek



Doctoral Dissertation
Jožef Stefan International Postgraduate School
Ljubljana, Slovenia

Supervisor: Asst. Prof. Nikola Ljubešić, Jožef Stefan Institute, Ljubljana, Slovenia

Evaluation Board:
Assoc. Prof. Tomaž Erjavec, Chair, Jožef Stefan Institute, Ljubljana, Slovenia
Assoc. Prof. Petra Kralj Novak, Member, Central European University, Vienna, Austria;
Jožef Stefan Institute, Ljubljana, Slovenia
Dr. Tanja Samardžić, Member, University of Zürich, Zürich, Switzerland



Taja Kuzman Pungeršek

ROBUST MULTILINGUAL
AUTOMATIC GENRE IDENTIFICATION IN TEXTS

Doctoral Dissertation

ZANESLJIVA VEČJEZIČNA
AVTOMATSKA IDENTIFIKACIJA ŽANRA V BESEDILIH

Doktorska disertacija

Supervisor: Asst. Prof. Nikola Ljubešić

Ljubljana, Slovenia, April 2026





v

Acknowledgments

First, I would like to thank my supervisor, Nikola Ljubešić, without whom this PhD
thesis would not have been possible. Thank you for believing in my capabilities, for
introducing me to the world of machine learning and natural language processing, and for
your continuous support, motivation, and stream of research ideas. I also extend my sincere
thanks to the members of the thesis evaluation board – Tomaž Erjavec, Petra Kralj Novak,
and Tanja Samardžić – for their valuable feedback, which helped improve the thesis.

Second, the institutions that financially supported my research also deserve gratitude:
the Department of Knowledge Technologies at the Jožef Stefan Institute, the CLARIN.SI
infrastructure, and the Slovenian Research and Innovation Agency (ARIS) that funded the
following research projects and programmes in which I was involved: the projects “Linguis-
tic landscape of hate speech on social media” (N06-0099 and FWO-G070619N, 2019–2023),
“Basic Research for the Development of Spoken Language Resources and Speech Tech-
nologies for the Slovenian Language” (J7-4642), “Embeddings-based techniques for Media
Monitoring Applications” (L2-50070, co-funded by Kliping d.o.o.) and the research pro-
gramme “Language resources and technologies for Slovene” (P6-0411). My research was
also supported by funding from the European Union’s Connecting Europe Facility 2014-
2020 - CEF Telecom, under Grant Agreement No. INEA/CEF/ICT/A2020/2278341 (the
MaCoCu project), and from the European Commission’s Horizon Europe Research and
Innovation programme under grant agreement No. 101129751 (the ParlaCAP project).
Please note that this communication reflects only the author’s view. The Agency is not
responsible for any use that may be made of the information it contains.

Third, I wish to thank everyone with whom I have collaborated and co-authored re-
search papers, especially Peter Rupnik, Nikola Ljubešić, and Igor Mozetič – I have learned
a great deal from you. I would like to thank my first mentors and collaborators who intro-
duced me to the world of research during my undergraduate and Master’s studies: Darja
Fišer, Špela Vintar and Polona Gantar. I would also like to express my gratitude to fellow
researchers working on the automatic genre identification task, especially Serge Sharoff,
Veronika Laippala and her colleagues – our discussions on shared challenges and helpful
exchanges about our work have significantly contributed to my research.

Fourth, I am grateful to my fellow PhD students, especially Katja Meden and Mojca
Brglez, for sharing the challenges of the journey and for the strong mutual support. Mojca
Brglez also deserves special thanks for all the hours spent on annotating the genre datasets
– her dedication greatly contributed to the success of the GINCO annotation campaign. I
would also like to thank my colleagues in the Department of Knowledge Technologies at
the Jožef Stefan Institute for fostering a warm and welcoming academic environment – one
that encourages the free exchange of ideas, mutual support, collaboration and innovation.
Mili Bauer and Živa Antauer, thank you for handling all the administrative tasks that
accompanied my research.

Finally, I would like to express my gratitude to my husband, family and friends for
always believing in me and for providing me constant support and love. I am thankful to



vi

my parents for encouraging me in all my pursuits and for being role models of hard work,
self-motivation, and a relentless drive to grow and prosper – qualities that have shaped
who I am today. I would also like to thank my friends and extended family for providing
me with a rock-solid support system and for inspiring me with their example, proving
that change and reinvention are always within reach when you believe in yourself. I am
especially grateful to my husband for unconditional love, for always listening, motivating
me to be my best self, and standing by me throughout my academic journey.

Dear reader, thank you for your interest in this work. I hope it proves useful to you.



vii

Abstract

Collecting texts from the web has significantly accelerated the creation of large text datasets
which are essential for the development of advanced language technologies, including large
language models. However, because these texts are gathered automatically, their linguistic
and functional characteristics are largely unknown, limiting their reliable use in research
and applications. Automatic genre identification, a text classification task that catego-
rizes texts into specific genre categories, provides key insights into such large-scale text
collections and enables their filtering for applications in language technology and linguistic
research.

This thesis advances automatic genre identification for web-scale multilingual text data
through the creation of novel genre schemata, the development of manually-annotated
genre datasets, and the exploration of robust machine learning methods. First, the
study introduces new genre schemata designed to improve annotation reliability and
cross-schema comparability, thereby addressing a key limitation of prior work where
incompatible schemata hindered meaningful comparison across studies. We demonstrate
that high-quality manual annotation with acceptable inter-annotator agreement can
be achieved through a carefully designed genre schema, detailed guidelines, and the
employment of expert annotators.

To address the lack of high-coverage genre datasets in our target languages, we de-
velop high-quality, manually-annotated genre datasets in Slovenian and English, as well as
multilingual test collections spanning eleven typologically diverse languages and different
scripts. Building on the test datasets, we establish the AGILE benchmark, which enables
standardized, reproducible cross-dataset and cross-lingual evaluation of genre classifiers.
The benchmark also supports a systematic comparison of modern large language models
across languages.

Using this infrastructure, we develop genre classifiers that achieve robust performance
across various languages, datasets, and evaluation settings. To ascertain which machine
learning methodology offers the most robust generalization, we experiment with a range
of text classification techniques, ranging from traditional non-neural machine learning
methodologies to cutting-edge approaches based on large language models. Our find-
ings indicate that a BERT-like model, fine-tuned on our newly developed training dataset,
achieves state-of-the-art performance across various datasets and languages, including lan-
guages using non-Latin scripts and languages not closely related to the fine-tuning lan-
guages. The resulting model is publicly released, providing a practical tool for large-scale
automatic genre annotation of multilingual web text collections.

Furthermore, we propose the LLM Teacher-Student Framework, a novel approach for
training text classifiers without manually-annotated data. By leveraging a large language
model to generate training labels, this method enables scalable, cost-efficient development
of genre classifiers, particularly for low-resource languages and specialized domains, and is
applicable beyond genre identification to other text classification tasks.
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Povzetek

Zbiranje besedil s spleta omogoča veliko hitrejše ustvarjanje velikih zbirk besedil, ki so
nujno potrebne za razvoj naprednih jezikovnih tehnologij, med drugim tudi velikih jezi-
kovnih modelov. A ker je ta metoda zbiranja besedil avtomatizirana, je malo znanega
o jezikovnih in funkcijskih značilnostih besedil v zbirki, kar zmanjšuje njeno zanesljivost
in uporabnost za nadaljnje raziskave in razvoj. Avtomatska identifikacija žanra – naloga
kategorizacije besedil, ki besedila razvršča v določene kategorije žanrov – omogoča ključen
vpogled v sestavo obsežnih zbirk besedil in njihovo filtriranje za razvoj jezikovnih virov in
tehnologij ter za jezikoslovne raziskave.

V tej disertaciji prispevamo k napredku na področju razvoja modelov za avtomatsko
identifikacijo žanra v obsežnih večjezičnih spletnih zbirkah besedil. Naše delo vključuje
zasnovo novih shem kategorij žanrov, razvoj zbirk besedil, ročno označenih z žanri, in vre-
dnotenje različnih metod strojnega učenja. Najprej predstavimo dve novi shemi kategorij
žanrov, s katerima izboljšamo zanesljivost ročnega označevanja in primerljivost z drugimi
obstoječimi shemami. Tako premostimo ključno pomanjkljivost predhodnih raziskav, ki
temeljijo na neprimerljivih shemah in tako onemogočajo primerjavo rezultatov med deli.
Pokažemo tudi, da je mogoče doseči kakovostno ročno označevanje s sprejemljivim strinja-
njem med označevalci na podlagi premišljeno zasnovane sheme kategorij žanrov, podrobnih
smernic za ročno označevanje in vključevanja visoko usposobljenih označevalcev.

Potem naslovimo pomanjkanje ustreznih učnih podatkov v naših ciljnih jezikih za to
nalogo in razvijemo visokokakovostne ročno označene učne zbirke besedil v slovenščini in
angleščini ter večjezične testne množice, ki zajemajo enajst jezikov iz raznovrstnih jezi-
kovnih družin. Na podlagi testnih zbirk vzpostavimo ogrodje za vrednotenje AGILE, ki
omogoča primerljivo in ponovljivo vrednotenje modelov za določanje žanra na različnih te-
stnih podatkih in jezikih, poleg tega pa omogoča tudi sistematično primerjavo sposobnosti
velikih jezikovnih modelov v različnih jezikih.

Sledi razvoj klasifikatorja, ki omogoča zanesljivo določanje žanra v različnih zbirkah
besedil in jezikih. Da bi ugotovili, katera metoda strojnega učenja omogoča najboljše po-
sploševanje, preizkusimo različne tehnike kategorizacije besedil, od klasičnih metod stroj-
nega učenja do najsodobnejših pristopov, ki temeljijo na velikih jezikovnih modelih. Naše
ugotovitve razkrijejo, da model tipa BERT, ki ga doučimo na naši novi učni zbirki besedil,
doseže najboljše rezultate v različnih zbirkah besedil in jezikih in učinkovito določa žanre
tudi pri besedilih, ki niso zapisana v latinici ali ki so zapisana v jezikih, ki niso sorodni je-
zikoma v učnih podatkih. Končni model javno objavimo in tako ponudimo prostodostopno
orodje za avtomatsko označevanje žanrov v velikih večjezičnih zbirkah besedil.

Nenazadnje v disertaciji predlagamo novo metodologijo, ki omogoča razvoj klasifika-
torjev besedil brez ročno označenih podatkov. Za označevanje učnih podatkov uporabimo
velike jezikovne modele, kar omogoči hiter in učinkovit razvoj klasifikatorjev žanrov. Pre-
dlagana metodologija je lahko še posebej uporabna za tehnološko manj podprte jezike in
za prilagajanje modelov na specifična področja, pristop pa se lahko prenese tudi na razvoj
klasifikatorjev za druge naloge označevanja besedil.
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Chapter 1

Introduction

In the introductory chapter, we first describe the problem addressed in the thesis (Sec-
tion 1.1) and propose the goals we aim to achieve (Section 1.2). We present the initial
hypotheses on which the thesis is based in Section 1.3. Finally, we conclude the chap-
ter by presenting the scientific contributions the thesis offers in Section 1.4, outlining the
methodology in Section 1.5, and providing an overview of the thesis structure in Section
1.6.

1.1 Background and Problem Definition

Collecting texts from the web has significantly accelerated the creation of large text col-
lections, especially for less-resourced languages, such as Slovenian (Bañón, Esplà-Gomis,
Forcada, García-Romero, et al., 2022). These text collections, often known as corpora, are
essential for the development of advanced language technologies, including large language
models, that rely on training with extensive datasets comprising millions of texts. To
ensure a robust and accurate performance of large language models and other language
technologies, it is crucial that the underlying massive collections of texts are of high qual-
ity (Penedo et al., 2023). However, due to automated collection methods, even corpora
creators lack information on the characteristics of the texts that constitute these datasets
(Baroni et al., 2009). Automatic genre identification, a text classification task that catego-
rizes texts into specific genre categories, is the only feasible approach for determining the
genre of individual texts within large-scale text collections. Specifically, this thesis focuses
on automatic genre identification for large-scale web-based text collections. Enriching web
collections with genre information would be particularly valuable, as they are widely used
as training data for language technologies and as a focus of linguistic research due to their
recency, massive size, and accessibility.

Genres can be defined as text categories, determined by the author’s purpose, the typ-
ical function of the text, and its conventional form (Orlikowski & Yates, 1994). Multiple
discourse, language and textual phenomena can be observed when studying the concept
of genre. As a result, genre has been a subject of research across a range of disciplines,
including linguistics, discourse studies, literary theory, media theory, as well as compu-
tational linguistics and information retrieval (Chandler, 1997). In this thesis, we explore
automatic genre identification through methodologies derived from the field of language
technology that focuses on the computational processing of human languages. This field
integrates computational linguistics and natural language processing (NLP), thereby com-
bining linguistics and computer science with a focus on artificial intelligence.

Automatic genre identification has been shown to be useful for various tasks. With
the advent of the World Wide Web, it has become possible to query and collect unprece-
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dented quantities of texts, leading to an increased interest in identification of genres in
(web-based) text collections. Beyond the application of genre identification in the devel-
opment and curation of web corpora, there has been large interest in this task within the
field of information retrieval (Boese, 2005; Finn & Kushmerick, 2006; Priyatam et al.,
2013; Roussinov et al., 2001; Stein et al., 2010; Stubbe & Ringlstetter, 2007; Vidulin et al.,
2007; Zu Eissen & Stein, 2004). Integrating genre-based filtering into information retrieval
tools would enable users to retrieve relevant texts more efficiently (Crowston et al., 2010).
Additionally, leveraging genre information was shown to be beneficial for many other NLP
tasks, including part-of-speech tagging (Giesbrecht & Evert, 2009), dependency parsing
(Müller-Eberstein et al., 2021), automatic summarization (Stewart & Callan, 2009), ma-
chine translation (Van der Wees et al., 2018), and automated genre-aware assessment of
the credibility of web documents (Agrawal et al., 2019).

As information on the genres of texts can be highly beneficial for various purposes,
models for automatic genre identification would serve as a valuable tool, since manual
annotation of millions of texts with genre labels is practically unfeasible. However, when
approaching this task, researchers must confront several challenges related to defining the
concept of genre, developing genre schemata, conducting manual annotation campaigns,
and ensuring robust classifier performance. The key challenges encountered in the task of
automatic genre identification can be summarized as follows:

1. Lack of consensus on the main concepts in automatic genre identification: There is
no agreement on the fundamental concepts related to this task (Chandler, 1997),
including on the term used to describe this phenomenon (D. Lee, 2002), leading to
limited comparability among existing genre-annotated datasets (Sharoff et al., 2010).

2. Genre ambiguity in web-based texts: The development of the genre schema, as well
as manual and automatic annotation need to address challenging cases arising from
limited control over content creation on the web, such as texts comprising multiple
intertwined genres or texts lacking any discernible characteristics of genre categories
(Kwaśnik & Crowston, 2005; Repo et al., 2021; Sharoff, 2021). Additionally, as genre
is considered as a text-level phenomenon (Biber & Conrad, 2019), identifying it in
web corpora can be difficult, where texts might be only partially available due to
imperfect automatic methods used for collection and cleaning of the datasets.

3. Challenging manual annotation: Ensuring high levels of agreement on genre labels
among annotators during manual annotation campaigns has proven to be challeng-
ing (Egbert et al., 2015; Zu Eissen & Stein, 2004) or, according to Suchomel (2020),
even “hardly possible”. Discrepancies among annotators can result in unreliable genre
datasets that are less appropriate for machine learning experiments (Sharoff, 2010).
Additionally, in the absence of a reference genre schema, researchers typically devel-
oped their own, devised in accordance with the aims of their research (see for instance
Asheghi et al. (2016), Berninger et al. (2008), Crowston et al. (2010), Egbert et al.
(2015), Roussinov et al. (2001), Sharoff (2018), and Williams (2000)). This practice
has resulted in a proliferation of schemata that are not comparable.

4. Issues with availability and coverage of existing genre datasets: Most datasets from
previous studies are either hard to locate or no longer accessible, such as datasets
from Dewe et al. (1998), Roussinov et al. (2001), M. Santini (2007), and Stubbe
and Ringlstetter (2007). Additionally, genre research has predominantly focused on
English, with a few studies conducted on Russian (Lepekhin & Sharoff, 2022; Sharoff,
2010, 2018, 2021), Finnish (Laippala et al., 2019; Skantsi & Laippala, 2023), Korean
(Y.-B. Lee & Myaeng, 2002; Lim et al., 2005), and other languages (Laippala et al.,
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2020; Maeda & Hayashi, 2009; Repo et al., 2021; Stamatatos et al., 2000). To the
best of our knowledge, there exists no genre-annotated dataset for any South Slavic
language.

5. Ensuring robustness of genre classifiers: Ensuring that genre classifiers perform well
in out-of-domain scenarios rather than being overly reliant on specific datasets is
a major challenge. In this task, traditional non-neural machine learning methods,
such as support vector machines, have been shown to have limited capabilities of
generalization beyond their training datasets (Sharoff et al., 2010). These issues
might be mitigated using recently introduced deep neural models, such as pre-trained
Transformer-based BERT-like language models that can achieve strong performance
on this task on a small amount of training data, and were shown to be capable of
good levels of cross-lingual transfer (Repo et al., 2021; Rönnqvist et al., 2021).

1.2 Purpose and Goals of the Dissertation

This thesis aims to address the complex task of automatic genre identification, specifically
targeting automatic annotation of massive multilingual web corpora, by proposing novel
methodologies for schema creation and manual annotation, and by exploring appropriate
machine learning techniques. As we aim to provide automatic genre identification solutions
for massive multilingual web text collections, our research is based on the three important
criteria for the developed genre classifier: 1) robustness, 2) multilinguality, and 3) high
usability for downstream tasks.

In our work, we define robustness as the high capabilities of the model to generalize
across datasets. The developed model will be useful for automatic annotation of web texts
only if it achieves high prediction performance on the newly provided web text collections,
not only on the datasets on which it was trained. Secondly, to be able to reliably evaluate
the model’s performance, it is crucial that we also achieve robustness of the manually-
annotated genre datasets. We consider the datasets to be robust if the manual annotations
are reliable. Reliability of the manually-annotated datasets is evaluated based on inter-
annotator agreement, where the annotated labels are considered to be trustworthy if the
annotators mostly agree on the labels.

Multilinguality is one of the fundamental values in our research, as we seek to avoid
the exclusive focus on English that has been studied in most prior research. In addition to
catering to English, we aim to provide genre datasets and classifiers also for Slovenian and
other less-resourced European languages. That is why robustness will also be evaluated
based on the capabilities of the model to generalize across various languages.

Additionally, as we aim to develop models for automatic genre classification that would
enable automatic annotation of massive web collections, we set forward an additional
criterion related to the usability of the proposed approach. Usability should be especially
considered during the development of the genre schema. Firstly, the genre schema that
the model uses should provide sufficient coverage that the majority of texts in the web
text collection would be assigned a specific label. At the same time, it is advisable that
the genre set comprises a limited number of labels, as larger sets result in an increased
computation cost due to a larger final layer of the neural model and a bigger size of the
output tensors. Secondly, we aim to ensure that the genre-enriched web corpora would be
useful for language technology developers as well as corpus linguists who would extract or
filter texts based on genre information. This means that the names of the proposed genre
labels should be recognizable to common users as much as possible.

Furthermore, we are committed to adhere to the principles of findability, accessibility,
interoperability, and reusability (FAIR) (Wilkinson et al., 2016) throughout our research.
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The datasets and developed classifiers will be made publicly accessible through data reposi-
tories to ensure their long-term availability. This initiative aims to promote further research
in this area and to enhance the long-term usefulness of the contributions of our work.

Figure 1.1: An overview of the phases of automatic genre identification research addressed
in this thesis, including the construction of a genre schema, the creation of manually-
annotated training and test datasets, machine learning experiments leading to the devel-
opment of a multilingual genre classifier, and the application of this classifier to multilingual
web corpora.

We aim to address all stages of the development of automatic genre classifiers, as shown
in Figure 1.1. These stages include constructing a genre schema, creating a manually-
annotated dataset, conducting machine learning experiments, validating classifier robust-
ness, and applying the developed classifiers to massive web corpora. Accordingly, this
thesis aims to achieve the following goals:

G1. Develop a high-coverage genre schema that encompasses the full spectrum of
genre variation in web texts and ensures reliable manual annotation with high
inter-annotator agreement.

G2. Propose a novel methodology for manual genre annotation that ensures high relia-
bility based on a novel genre schema, detailed annotation guidelines, and continuous
training of expert annotators.

G3. Develop a genre dataset for Slovenian, which will be the first of its kind for this
language, to enable training and evaluation of machine learning models in automatic
genre identification on Slovenian language. Additionally, we will construct training
datasets that include English, and separate test datasets for various European lan-
guages to assess the performance of genre classifiers in cross-dataset and cross-lingual
evaluation scenarios.

G4. Establish a benchmark for cross-dataset and cross-lingual assessment of machine
learning approaches in automatic genre identification, based on newly developed test
datasets in English, Slovenian, and various other European languages. With the
benchmark, we aim to address the current lack of a reference dataset and enable
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comparative analyses of machine learning techniques employed in the task of auto-
matic genre identification.

G5. Develop a robust multilingual genre classifier capable of generalizing across datasets
and European languages by exploring various machine learning approaches, including
deep neural language models. Additionally, we will experiment with training on
multiple genre datasets to enhance performance and robustness, evaluated in cross-
dataset and cross-lingual experiments.

1.3 Hypotheses

Previous work showed that manual annotation for automatic genre identification is a very
challenging task (Egbert et al., 2015; Sharoff, 2018; Suchomel, 2020; Zu Eissen & Stein,
2004). Research that evaluated annotation reliability based on the inter-annotator agree-
ment, using Krippendorff’s alpha (Krippendorff, 2018) as a metric, mostly did not reach the
threshold value of 0.667, which is established as the minimum acceptable level by Krippen-
dorff (2018). The low level of annotation agreement has negatively impacted the reliability
of existing genre datasets (Sharoff, 2010). This thesis aims to improve robustness of the
manually-annotated datasets by proposing novel genre schemata and annotation method-
ologies to ensure reliable manual annotation. We define the manual annotation as reliable
if the inter-annotator agreement is acceptable, meaning that it is above the threshold
Krippendorff’s alpha value of 0.667. This leads to our first hypothesis:

H1. Acceptable inter-annotator agreement in genre identification annotation campaigns
can be accomplished through a manual annotation approach that is based on a well-
designed genre schema, comprehensive annotation guidelines, and employment of ex-
pert annotators.

Recent previous research has demonstrated promising capabilities of pre-trained
Transformer-based language models for the task of automatic genre identification (Repo
et al., 2021; Rönnqvist et al., 2021). Building on these findings, we will conduct machine
learning experiments with various monolingual and multilingual pre-trained Transformer-
based models to evaluate their performance on this task specifically when applied to
Slovenian. These models will also be compared with other machine learning methods
commonly used for genre identification and other text classification tasks to identify the
machine learning method that is the most appropriate for our task. Following this, we
propose the second hypothesis:

H2. Fine-tuned deep neural Transformer-based language models outperform other machine
learning methods in the task of automatic genre identification in the Slovenian lan-
guage.

Improving cross-lingual performance would greatly increase the usefulness of genre clas-
sifiers, as it would enable their deployment across various languages without the need for
manual annotation. Recent research has demonstrated promising results related to the
cross-lingual capabilities of Transformer-based genre classifiers (Repo et al., 2021; Rön-
nqvist et al., 2021). To address the needs of numerous less-resourced European languages,
we aim to research the optimal approaches to development of genre classifiers capable of
achieving high zero-shot cross-lingual performance in a broad set of languages. We aim to
develop multilingual models that achieve robust performance on various languages, that
is, that are capable of generalizing not only across datasets but also languages. Based on
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model performance achieved in prior work (Repo et al. (2021), Rönnqvist et al. (2021),
and Sharoff (2021); see Table 2.3 in Section 2.3) and human performance on this task,
measured by the inter-annotator agreement, we consider micro-F1 and macro-F1 scores of
around 0.70 as the minimum threshold for acceptable performance of a genre classifier. We
deem the classifiers to be reliable if they achieve micro-F1 and macro-F1 scores on the test
dataset above 0.80. In relation to this goal, we propose the following hypothesis:

H3. A reliable zero-shot cross-lingual performance in automatic genre identification across
numerous European languages is possible by leveraging the cross-lingual capabilities
of massively multilingual pre-trained Transformer models.

1.4 Scientific Contributions

The thesis aims to offer valuable contributions to the research community, particularly
in the domains of genre classification, text classification, multilingual natural language
processing (NLP), and the development of language resources for less-resourced languages.
The scientific contributions of this thesis are as follows:

1. Novel comprehensive genre schemata, developed with focus on capturing the diver-
sity of genres found in web texts. We propose the GINCO schema that aims to
improve upon existing schemata by addressing issues related to low inter-annotator
agreement, and thus improving annotation reliability (see Section 3.1.1). We then
further refine the GINCO label granularity and improve its level of comparability
to other common high-coverage schemata, which leads to the development of the
X-GENRE schema in Section 3.2.1. Crucially, the proposed schema is designed to be
mappable to widely used earlier schemata, enabling the reuse of existing annotated
datasets and systematic cross-lingual and cross-dataset comparisons. This directly
addresses a major limitation of prior work, where incompatible genre schemata pre-
vented a meaningful comparison of results across studies. The novel schemata are
described in the papers “The GINCO Training Dataset for Web Genre Identifica-
tion of Documents Out in the Wild ” (Kuzman, Rupnik, et al. (2022); Section 3.1.5),
and “Automatic Genre Identification for Robust Enrichment of Massive Text Collec-
tions: Investigation of Classification Methods in the Era of Large Language Models”
(Kuzman, Mozetič, et al. (2023); Section 3.2.4).

2. A novel methodology for manual genre annotation designed to ensure high inter-
annotator agreement and improve the reliability of manually-annotated datasets.
The precision and consistency of the manual annotations is improved through the
application of objective annotation criteria and the employment of expert annota-
tors, supported by continuous training and detailed guidelines that are made publicly
available to support future manual annotation campaigns.1 The details on the anno-
tation methodology are provided in Section 3.1.2 that summarizes the findings from
the paper “The GINCO Training Dataset for Web Genre Identification of Documents
Out in the Wild ” (Kuzman, Rupnik, et al. (2022); Section 3.1.5).

3. Multiple manually-annotated genre datasets for Slovenian, English, and various other
less-resourced European languages. The thesis addresses a gap in genre classifica-
tion research by introducing several high-quality, manually-annotated genre datasets

1The GINCO annotation guidelines are available at https://tajakuzman.github.io/
GINCO-Genre-Annotation-Guidelines/, and the X-GENRE annotation guidelines are published at
https://tajakuzman.github.io/X-GENRE-Annotation-Guidelines/.

https://tajakuzman.github.io/GINCO-Genre-Annotation-Guidelines/
https://tajakuzman.github.io/GINCO-Genre-Annotation-Guidelines/
https://tajakuzman.github.io/X-GENRE-Annotation-Guidelines/
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for languages that have been previously excluded from studies on automatic genre
identification, namely the GINCO dataset for Slovenian (Kuzman et al. (2021); see
Section 3.1.3 and the paper by Kuzman, Rupnik, et al. (2022) in Section 3.1.5), the
English-Slovenian X-GENRE dataset (Kuzman and Ljubešić (2024a); see Section
3.2.2 and the paper by Kuzman, Mozetič, et al. (2023) in Section 3.2.4), the English
EN-GINCO test dataset and the X-GINCO test dataset in ten European languages
(see Section 4.1.1, and the papers by Kuzman, Mozetič, et al. (2023) and Kuzman
Pungeršek et al. (In submission) in Sections 3.2.4 and 4.6). These datasets enable
the development and evaluation of multilingual genre classifiers, as shown in Section
3.2 and Chapter 4. Additionally, the multilingual test datasets, integrated into the
AGILE Benchmark (Automatic Genre Identification Benchmark), freely available
on GitHub,2 enable a comprehensive evaluation of genre classifiers – as well as an
evaluation of broader capabilities of large language models – across languages and
scripts.

4. A novel genre classifier that demonstrates robust performance across languages and
datasets, with a particular focus on less-resourced languages, including Slovenian.
The research systematically compares multiple machine learning approaches for text
classification to identify the most effective methods for automatic genre identification
in diverse European languages, described in Sections 3.1.4, 4.2, 4.3, 4.4, and 4.5, and
in papers “The GINCO Training Dataset for Web Genre Identification of Documents
Out in the Wild ” (Kuzman, Rupnik, et al. (2022); Section 3.1.5), “Assessing Compa-
rability of Genre Datasets via Cross-Lingual and Cross-Dataset Experiments” (Kuz-
man, Ljubešić, and Pollak (2022); Section 3.2.3), “Automatic Genre Identification
for Robust Enrichment of Massive Text Collections: Investigation of Classification
Methods in the Era of Large Language Models” (Kuzman, Mozetič, et al. (2023);
Section 3.2.4), “Zero-Shot Cross-Lingual Genre Classification on Diverse European
Languages” (Kuzman Pungeršek et al. (In submission); Section 4.6), and “State of the
Art in Text Classification for South Slavic Languages: Fine-Tuning or Prompting? ”
(Kuzman Pungeršek, Rupnik, Porupski, et al. (2026); Section 4.7). We evaluate
models in monolingual, multilingual, and zero-shot cross-lingual settings, revealing
that high performance can be achieved even on diverse and unrelated languages us-
ing different scripts. These experiments provide new evidence of the robustness and
transferability of genre classifiers across languages and datasets.

5. A novel methodology for developing text classifiers without the need for manually-
annotated data, termed the LLM Teacher-Student Framework. We show that substi-
tuting human annotators with a large language model for training data annotation
is an effective strategy for developing robust and efficient genre classifiers, as well as
models for topic classification. To the best of our knowledge, this methodology has
not previously been applied to this task and is potentially transferable to a wide range
of text classification tasks. The methodology is presented in Chapter 5 and published
in the paper “LLM Teacher-Student Framework for Text Classification With No Man-
ually Annotated Data: A Case Study in IPTC News Topic Classification” (Kuzman
and Ljubešić (2025); Section 5.3).

1.5 Methodology

In this thesis, we aim to address the complex task of automatic genre identification
through the creation of novel genre schemata, the development of manually-annotated

2https://github.com/TajaKuzman/AGILE-Automatic-Genre-Identification-Benchmark

https://github.com/TajaKuzman/AGILE-Automatic-Genre-Identification-Benchmark
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genre datasets, and the exploration of robust machine learning methods. To fulfill the ob-
jectives and assess the hypotheses presented in the previous sections, the following method-
ology is employed:

1. The methodology for developing a high-coverage genre schema: We perform a thor-
ough analysis of previously proposed genre schemata to analyze their similarities and
differences. Based on this analysis, we develop a high-coverage genre schema that
incorporates elements from 15 previous schemata (Boese, 2005; Dewe et al., 1998;
Egbert et al., 2015; Laippala et al., 2019; Y.-B. Lee & Myaeng, 2002; Lim et al., 2005;
Roussinov et al., 2001; M. Santini, 2007, 2010; Sharoff, 2010, 2018; Stamatatos et al.,
2000; Stubbe & Ringlstetter, 2007; Vidulin et al., 2007; Zu Eissen & Stein, 2004).
Previous machine-learning experiments have been limited by their dependency on
specific datasets and schemata (Rehm et al., 2008). In response, this thesis aims to
explore the potential of mapping our proposed schema onto existing high-coverage
schemata to enable cross-dataset experiments. Specifically, we examine the compa-
rability of our schema with two commonly used high-coverage schemata: the schema
of the Corpus of Online Registers of English (CORE) (Egbert et al., 2015) and the
schema of the Functional Text Dimensions (FTD) approach (Sharoff, 2018).

2. The methodology for constructing genre datasets: As the thesis focuses on the au-
tomatic identification of genres within web text collections, novel genre datasets are
derived from existing web corpora, such as the Slovenian slWaC 2.0 corpus (Erjavec
& Ljubešić, 2014), the MaCoCu web corpora (Bañón, Esplà-Gomis, Forcada, García-
Romero, et al., 2022) in various European languages, and the English web corpus
enTenTen20 (Jakubíček et al., 2013). The proposed methodology involves the extrac-
tion of random texts from web corpora, which also include noise, texts with multiple
intertwined genres, and other web-specific challenges, enabling evaluation of classi-
fiers under realistic conditions. The finalized datasets are made publicly available
in data repositories and are formatted in widely recognized data formats to ensure
maximum accessibility and reproducibility.

3. The methodology for manual annotation: A manual annotation campaign is con-
ducted based on a methodology that ensures high inter-annotator agreement for
the task of genre annotation. Unlike annotation campaigns that use crowdsourc-
ing, we employ experts from the fields of linguistics and computational linguistics,
who receive fair compensation. To ensure reliability, annotators are guided through
the manual annotation process using a survey structured as a decision tree, with
criteria for genre categories being as objective as possible. Continuous training is
provided to annotators to ensure a good understanding of the task. The reliability of
manual annotation is evaluated by calculating the inter-annotator agreement using
Krippendorff’s alpha (Krippendorff, 2018), a widely used metric that evaluates the
annotator agreement while accounting for chance agreement. We aim to achieve a
Krippendorff’s alpha value above 0.667, which is considered the minimum acceptable
threshold for reliable annotation (Krippendorff, 2018).

4. The methodology for machine learning experiments: The thesis aims to evaluate a
range of machine learning methodologies commonly used in text classification, specif-
ically focusing on the task of automatic genre identification. The machine learning
experiments include both non-neural and neural models. The non-neural models
include the Naive Bayes classifier, logistic regression classifier, and support vector
machine (SVM), using the TF-IDF (term frequency–inverse document frequency)
text representations. The neural models comprise the shallow neural fastText model
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(Joulin et al., 2017), as well as a selection of monolingual and multilingual deep neural
BERT (Bidirectional Encoder Representations from Transformers) models. Further-
more, we explore a promising novel approach involving the classification of texts
using instruction-tuned decoder-only large language models (LLMs) in a zero-shot
setting, where no training data is needed. Once we identify the most effective machine
learning approach for both monolingual and multilingual genre classification, we ex-
tend the evaluation to cross-dataset and cross-lingual experiments to evaluate the
model’s robustness across various datasets and languages. The models’ performance
is assessed using metrics that are commonly used for single-label multi-class text
classification, namely micro-F1 and macro-F1. These metrics provide insights into
the models’ performance at both the instance and label levels, respectively. Based
on model performance achieved in prior work (Repo et al. (2021), Rönnqvist et al.
(2021), and Sharoff (2021); see Table 2.3 in Section 2.3) and human performance on
this task, measured by inter-annotator agreement, we consider micro-F1 and macro-
F1 scores of around 0.70 as the minimum threshold for acceptable performance of a
genre classifier, and performance above 0.80 as reliable model performance.

1.6 Organization of the Thesis

The thesis is structured as follows. Chapter 2 provides an overview of the main approaches,
challenges and solutions identified in previous work, related to the definition of the genre
concept and the genre schema (Section 2.1), the methods for dataset collection and anno-
tation (Section 2.2), and the development of robust machine learning models (Section 2.3).
The content of this chapter is based on the accompanying journal paper “Automatic Genre
Identification: A Survey” (Kuzman & Ljubešić, 2023), enclosed in Section 2.4. The chapter
concludes with Section 2.5 which identifies the gaps in prior work that are addressed in
the remainder of the thesis.

Chapter 3 outlines the development of novel genre schemata, manually-annotated
datasets, and genre classifiers as part of our goal to develop a robust multilingual genre clas-
sifier. In Sections 3.1 and 3.2.1, we introduce the newly developed GINCO and X-GENRE
genre schemata, which address Goal G1. In Section 3.1.2, we present the annotation cam-
paign and annotation guidelines for the GINCO schema, fulfilling Goal G2 and providing
evidence for Hypothesis H1. Finally, in Sections 3.1.3 and 3.2.2, we present the Slove-
nian manually-annotated GINCO dataset and the Slovenian-English manually-annotated
X-GENRE dataset, respectively, fulfilling the first part of Goal G3. This chapter is based
on the following accompanying papers: “The GINCO Training Dataset for Web Genre
Identification of Documents Out in the Wild ” (Kuzman, Rupnik, et al., 2022) in Section
3.1.5; “Assessing Comparability of Genre Datasets via Cross-Lingual and Cross-Dataset
Experiments” by Kuzman, Ljubešić, and Pollak (2022) in Section 3.2.3; and “Automatic
Genre Identification for Robust Enrichment of Massive Text Collections: Investigation of
Classification Methods in the Era of Large Language Models” (Kuzman, Mozetič, et al.,
2023) in Section 3.2.4.

In Chapter 4, we conduct experiments with various text classification methods to de-
termine which approach offers the most robust generalization across different datasets and
languages. In Section 4.1, we detail the methodology and introduce the newly developed
test datasets designed for benchmarking classification methods on automatic genre identi-
fication, addressing the second part of Goal G3. Building on these datasets, we establish
a publicly available benchmark that fulfills Goal G4. The results of experiments assessing
both in-dataset and cross-dataset performance on Slovenian and English are presented in
Section 4.2 – where the results support Hypothesis H2 – and in Section 4.3. We then
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extend the evaluation to examine zero-shot cross-lingual performance in Section 4.4, where
we provide empirical support for Hypothesis H3. Additionally, we assess the zero-shot per-
formance of large language models (LLMs) on the task of automatic genre identification
in Section 4.5. These machine learning evaluations enable us to identify the methodol-
ogy that yields the best-performing genre classifier, addressing Goal G5. This chapter is
based on the following papers: “Automatic Genre Identification for Robust Enrichment
of Massive Text Collections: Investigation of Classification Methods in the Era of Large
Language Models” (Kuzman, Mozetič, et al., 2023) in Section 3.2.4; “Zero-Shot Cross-
Lingual Genre Classification on Diverse European Languages” (Kuzman Pungeršek et al.,
In submission) in Section 4.6; and “State of the Art in Text Classification for South Slavic
Languages: Fine-Tuning or Prompting? ” (Kuzman Pungeršek, Rupnik, Porupski, et al.,
2026) in Section 4.7.

In Chapter 5, we introduce a novel methodology for developing genre classifiers with-
out the need for manually-annotated training data. Section 5.1 evaluates the reliability
of an LLM when employed as a data annotator within the proposed LLM Teacher Stu-
dent Framework approach. Subsequently, in Section 5.2, we assess whether the proposed
methodology can produce reliable genre classifiers. This chapter is based on the paper
“LLM Teacher-Student Framework for Text Classification With No Manually Annotated
Data: A Case Study in IPTC News Topic Classification” by Kuzman and Ljubešić (2025),
enclosed in Section 5.3.

We conclude the thesis in Chapter 6 where we first summarize the research and then
highlight its contributions in Section 6.1. Secondly, we outline the planned future work
in Section 6.2. Lastly, to facilitate the replicability of our research, we provide details
regarding the availability of the code used in our experiments, as well as access to the
developed datasets and models in Section 6.3.
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Chapter 2

Challenges and Proposed Solutions
in Related Work

Although numerous studies over the past twenty years have aimed to develop efficient genre
classifiers, at the start of this PhD research, no freely available genre classifier existed
that could be applied to large-scale web text collections. Entering this field, one quickly
discovers a lack of consensus on best practices across all stages of developing automatic
genre identification models, requiring careful consideration and decision-making at each
step. In this chapter, we present the main approaches, challenges and solutions identified
in previous work, based on the detailed overview provided in the accompanying journal
paper “Automatic Genre Identification: A Survey” (Kuzman & Ljubešić, 2023), enclosed
in Section 2.4. Following the main goals of the thesis, the chapter is especially focused on
robustness, multilinguality, high coverage, and usability of genre datasets and classifiers
for downstream applications. It outlines the challenges related to the definition of the
concept of genre and the genre schema (Section 2.1), the dataset collection and annotation
methods (Section 2.2), and the development of robust genre classifiers (Section 2.3).

2.1 Definition of Genre Schema

When tackling the task of automatic genre identification, we must first decide which term
to use to describe this phenomenon. There is little agreement among different groups of
researchers on the fundamental concepts related to the task of automatic genre identifi-
cation (Chandler, 1997), starting with the terminology used to describe the task (D. Lee,
2002). Previous work uses various terms to describe the concept of genre. In this work, we
adopt the commonly used terms “genre”, “automatic genre identification” and “web genre
identification” (used by Asheghi et al. (2016), Crowston et al. (2010), M. Santini (2007),
Stubbe and Ringlstetter (2007), Vidulin et al. (2007), and Zu Eissen and Stein (2004),
among others). However, some research groups working on the same task use alternative
terms, such as “registers” (see Egbert et al. (2015) and further research by Laippala et
al. (2019), Repo et al. (2021), and Rönnqvist et al. (2021)), “functional text dimensions”
(Sharoff, 2018) or “text types” (Stubbs, 1996).

Secondly, previous work uses various criteria to define genre categories. Most definitions
describe genre categories based on the socially recognized form and the intended commu-
nicative purpose (function) of the text (Kwaśnik & Crowston, 2005). Some definitions
also take into account the target audience (Zu Eissen & Stein, 2004), reader expectations
(S. M. Santini, 2006), style (Argamon et al., 1998; Finn & Kushmerick, 2006), or content
(Rosso, 2008). To identify genres, researchers either follow the text-internal perspective,
examining linguistic and other visible elements in the text, the text-external or functional
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perspective, focusing on the function of the texts (see Sharoff (2010, 2021) for a detailed
discussion on both perspectives), or a combination of both, as is done in our work.

In prior work, researchers defined genre categories differently and mostly developed
their own genre schema in accordance with the aims of their research. This practice led
to very limited comparability among existing genre schemata and datasets (Sharoff et al.,
2010). Further insight into this issue comes from an analysis of 16 previously used genre
schemata, specifically those presented in the works of Asheghi et al. (2016), Boese (2005),
Dewe et al. (1998), Egbert et al. (2015), Kuzman, Rupnik, et al. (2022), Laippala et al.
(2019), Y.-B. Lee and Myaeng (2002), Lim et al. (2005), M. Santini (2007, 2010), Sharoff
(2010, 2018), Stubbe and Ringlstetter (2007), Suchomel (2020), Vidulin et al. (2007), and
Zu Eissen and Stein (2004). Table 2.1 shows the frequency of genre labels that are shared
by at least three schemata, highlighting the large variation among genre schemata. In total,
they use 280 genre categories. Almost half of the labels (129) are used by only one schema.
Only 20 labels are shared across multiple schemata, as shown in Table 2.1, with the most
frequent category present in 9 out of 16 schemata. A further analysis of examples from
existing genre datasets, included in the journal paper that is enclosed in Section 2.4, reveals
an even more complex reality. Even when schemata share identical or similar label names,
the labels do not necessarily correspond to similar texts, as their interpretation varies across
schema authors and annotators. This variation further obscures the level of comparability
between existing genre datasets. Therefore, attempts to merge genre schemata or datasets
for model training or cross-dataset evaluation require a detailed examination of the datasets
and their instances, rather than merging the datasets and schemata solely based on label
names.

Table 2.1: Most frequent genre labels from 16 genre schemata. Labels with very similar
names, e.g., “FAQ” and “FAQs” or “news” and “news/reporting”, were counted as the same
label name.

Genre label Occurrences in schemata
FAQ 9

Instruction 7
News 6
Legal 6

Personal Home Page 6
Review 6

Information 5
Discussion 5

Research Article 5
Interview 5
Lyrical 5
Poem 4
Recipe 4
E-shop 4

Editorial 4
Promotion 3

Link Collection 3
Journalistic 3

Blog 3
Prose 3
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One of the main reasons for the significant differences between genre schemata is that
they were constructed based on the aim of the research. Accordingly, the previously de-
veloped schemata can be divided into the following groups: high-coverage schemata, infor-
mation retrieval schemata, and schemata, created with other aims. Information retrieval
schemata comprise a selection of genre categories that are deemed useful for search engine
users (see Dewe et al. (1998), Lim et al. (2005), Roussinov et al. (2001), M. Santini (2007),
Vidulin et al. (2007), and Zu Eissen and Stein (2004)). Other schemata and corresponding
genre datasets were developed to study specific genres, such as poetry and prose (Shavrina,
2019). Since our work aims to develop schemata and genre classifiers capable of efficiently
capturing the full variation of web content, we focus on high-coverage schemata. They aim
to cover the full range of genre variation on the web in order to annotate all web texts with
a certain label. In accordance with this goal, they mostly use larger sets of specific classes
(see Egbert et al. (2015), Laippala et al. (2019), Sharoff (2018), Stubbe and Ringlstetter
(2007), and Suchomel (2020)), a smaller set of broader categories (see Sharoff (2010)) or
a combination of the two (see M. Santini (2010)). Higher label granularity typically com-
plicates the manual annotation process and can result in lower inter-annotator agreement
and a less reliable manually-annotated dataset (Sharoff, 2010). On the other hand, using
a smaller set of labels with categories that are too broad and consequently not separated
well can negatively impact automatic genre identification (Asheghi et al., 2016).

The high-coverage schemata introduced in previous work provide a useful starting point,
especially those by Berninger et al. (2008), Egbert et al. (2015), M. Santini (2010), Sharoff
(2010, 2018), and Stubbe and Ringlstetter (2007). However, each of them has limitations
that make it unsuitable for direct use in our study. Some have a too high label granularity,
with over 40 genre labels, which has been shown to negatively impact manual annotation
reliability (e.g., schemata by Berninger et al. (2008) and Egbert et al. (2015)). Others
have a limited comparability to other existing schemata due to differences in label sets
(e.g., schemata by M. Santini (2010) and Sharoff (2010, 2018)), or include abstract label
names that would not be understood by end users, such as resources (Stubbe & Ringlstet-
ter, 2007), recreation (Sharoff, 2010), and commpuff (Sharoff, 2018). Additionally, some
schemata have shown poor applicability for manual annotation, with annotation campaigns
reporting low inter-annotator agreement (e.g., those by Egbert et al. (2015) and Sharoff
(2018)). In addition, when developing a high-coverage schema for web text classification,
it is important to acknowledge that writers on the web are not constrained to following
genre norms, meaning that some texts will inevitably fall outside any predefined genre class
(Sharoff, 2021). While the existing high-coverage schemata rely on a closed set of prede-
fined labels, it would be advisable to include a category Other, as suggested by Asheghi
et al. (2016).

2.2 Development of Manually-Annotated Genre Datasets

Since the genre classifier is trained on a manually-annotated dataset, the quality of this
dataset is critical for model performance. Most importantly, the dataset should be robust –
which in this context means that its manual annotation must be reliable and that it should
include a diverse set of texts that represent well the diversity of web content. This enables
the classifier to generalize beyond the training data to other datasets. There are two
stages of the development of training genre datasets that importantly impact the quality
of the resulting datasets: the development of the collection of representative texts to be
annotated, and a manual annotation campaign.

Based on the collection method, text collections used as the basis for manually-
annotated genre datasets can be categorized into designed and crawled corpora (Kilgarriff,
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2012). Designed corpora, such as those by Berninger et al. (2008), Boese (2005), M.
Santini (2007), and Stubbe and Ringlstetter (2007), are based on manual selection of
instances. As a result, they are not representative of real web data, as noted by Sharoff
(2010), and the high classification performance on such datasets does not guarantee that
the model will generalize well to real web text collections. Crawled corpora, such as those
by Laippala et al. (2020) and Sharoff (2018), extract random instances from massive web
corpora and represent a “(more or less faithful) snapshot of the web” (Asheghi et al.,
2016). Random selection from a large web text collection ensures that instances originate
from a wide range of sources and helps prevent bias toward specific topics, authors, or
web domains. A further step in this direction was taken by Asheghi et al. (2016), who
also ensured temporal diversity of resources by selecting sources published at different
time points, preventing that some genres, such as News, would be represented solely by
instances covering the same topics.

The second key factor in producing a high-quality training dataset is reliable manual
annotation. For this task, previous studies employed either a small group of experts (e.g.,
annotation campaigns in S. M. Santini (2006), Vidulin et al. (2007), and Zu Eissen and
Stein (2004)), or crowd-sourcing (e.g., see Egbert et al. (2015)). The advantage of expert
annotation lies in the higher reliability of annotators and greater control over the annota-
tion process, whereas crowd-sourcing allows for faster and more cost-effective annotation,
enabling creation of larger manually-annotated datasets.

Annotation reliability is typically assessed through inter-annotator agreement, which
measures the agreement of two or more annotators on the label of the same instance.
However, prior research has shown that achieving high inter-annotator agreement on this
task is difficult, and studies rarely achieved an acceptable level of inter-annotator agreement
(see for instance Egbert et al. (2015) and Suchomel (2020)), which is defined in our work as
Krippendorff’s alpha above 0.667, following Krippendorff (2018). These findings highlight
the need to improve the annotation methodology to achieve a more reliable annotation.

Table 2.2 presents the most relevant manually-annotated genre datasets developed in
previous work. The comparison shows a considerable variation among the datasets based
on their schemata, namely, the label granularity varies significantly, with the number of
labels ranging from 7 to 292. This further highlights the limited comparability between
datasets. A further issue is that many previously developed genre datasets have become
difficult to access over time and are no longer available, for example, those by Berninger
et al. (2008), M. Santini (2010), Sharoff (2010), and Stubbe and Ringlstetter (2007). Even
the datasets that are currently available are not published in certified repositories which
would ensure reliable long-term archiving.

More information on the datasets is provided in the journal paper by Kuzman and
Ljubešić (2023) that is enclosed in Section 2.4. In this thesis, we focus mainly on high-
coverage schemata that could be used to develop a high-coverage genre classifier for web
texts. Two families of manually-annotated genre datasets that use a high-coverage schema
are openly available and could thus be used in our work, namely the CORE dataset (Egbert
et al., 2015) in English and the related datasets in Swedish, French and Finnish (Laippala
et al., 2019; Laippala et al., 2020; Repo et al., 2021; Skantsi & Laippala, 2023); and the
FTD dataset (Sharoff, 2018) in Russian and English.

The CORE dataset (Egbert et al., 2015) is a crawled dataset that consists of 48,420
texts from the Corpus of Global Web-based English (GloWbE) (Davies & Fuchs, 2015). It
uses the CORE schema – a hierarchical schema comprising 8 higher-level categories, which
cover the situational characteristics or functions of texts, and 47 specific subcategories.
The dataset was annotated in a crowd-sourcing campaign with 908 participants, where
each instance was annotated by 4 annotators.
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The Functional Text Dimensions (FTD) dataset (Sharoff, 2018) consists of 1,562 En-
glish texts and 1,930 Russian texts from multiple sources: the Pentaglossal corpus (5g)
(Forsyth & Sharoff, 2014), which comprises Russian and English texts of known origin
(fiction, corporate communication, political debates, TED talks, UN reports, etc.), and
random samples of texts from the ukWac web corpus (Baroni et al., 2009) and the Russian
GICR web corpus (Piperski et al., 2013). The dataset uses the Functional Text Dimensions
(FTDs) schema that consists of 18 broad functional categories. The manual annotation
followed a multi-label approach, where annotators rated the presence of each category in
the text on a scale from 0 to 2.

The CORE and FTD schemata and datasets cover English as well as several other
languages, including Russian, Swedish, French and Finnish. However, no genre-annotated
dataset currently exists for Slovenian, which is one of the focal points of our work. Thus, to
enable the study of automatic genre identification in Slovenian, a new manually-annotated
genre dataset in Slovenian has to be created.

While the CORE and FTD datasets can be useful for developing genre classifiers for
English and other supported languages, following their schemata to develop a manually-
annotated genre dataset for Slovenian would be challenging. Previous annotation cam-
paigns applying the FTD schema to a new dataset concluded that a high agreement in this
task is “hardly possible” (Suchomel, 2020), and an analysis of inter-annotator agreement
achieved when annotating the CORE dataset reported that there was no majority agree-
ment between the four annotators on one-third of texts on the level of main categories, and
on half of the texts on the level of subcategories (Egbert et al., 2015). When the CORE
schema was applied to another dataset, the inter-annotator agreement reached a nominal
Krippendorff’s alpha of 0.66 and 0.53 for main categories and subcategories, respectively
(Sharoff, 2018), which are on the verge and below the threshold of 0.667 for reliable manual
annotation.
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Table 2.2: Comparison of the most relevant genre-annotated datasets developed in previous
work, in terms of their size (number of texts), language (ISO codes), number of classes in
the genre schema and multi-label approach. If the schema is hierarchical, the number of
classes includes the main classes and sub-classes, e.g., 7/32 stands for 7 main classes and
32 sub-classes. Links for publicly available datasets are provided in the footnotes.

Dataset Size (texts), Lan-
guage

Classes Multi-
label

High-coverage datasets
Hierarchical genre collection (HGC) (Stubbe
& Ringlstetter, 2007)

1,280 (EN) 7/32 no

KRYS I (Berninger et al., 2008) 6,300 (EN) 10/70 no
I-EN-Sample, I-RU-Sample (Sharoff, 2010) 250 (EN), 250

(RU)
7 no

SANTINIS-ML (M. Santini, 2010) 2,480 (EN) 15 yes
CORE (Egbert et al., 2015)1 48,420 (EN) 8/47 yes
Functional Text Dimensions (FTD) (Sharoff,
2018)2

1,562 (EN), 1,930
(RU)

18 yes

FinCORE (Laippala et al., 2019)3 2,237 (FI) 8/224 yes
FreCORE, SweCORE (Laippala et al., 2020)5 688 (FR), 1,085

(SV)
8/22 yes

Suchomel (2020) 1,974 (EN) 9 yes
LiveJournal dataset (Lepekhin & Sharoff,
2022)

13,629 (RU) 10 no

FinCORE (extended) (Skantsi & Laippala,
2023)6

10,754 (FI) 9/30 yes

Information-retrieval datasets
Dewe et al. (1998) 1,358 (EN) 2/11 no
Roussinov et al. (2001) 1,076 (EN) 116 no
Genre-KI-04 (Zu Eissen & Stein, 2004)7 1,239 (EN) 8 no
Lim et al. (2005) 1,328 (KO) 2/16 no
20-Genre Collection (MGC) (Vidulin et al.,
2007)8

1,539 (EN) 20 yes

7-Web Genre Collection (M. Santini, 2007) 1,400 (EN) 7 no
Other genre datasets

Boese (2005) 343 (EN) 10 no
Leeds Web Genre Corpus (Asheghi et al.,
2016)

4,964 (EN) 20 no

1The CORE corpus is available here: https://github.com/TurkuNLP/CORE-corpus and can be
queried here: https://www.english-corpora.org/core/.

2The FTD dataset is available here: https://github.com/ssharoff/genre-keras.
3The FinCORE dataset is available here: https://github.com/TurkuNLP/FinCORE.
4Based on the annotation guidelines published at https://turkunlp.org/register-annotation-docs.
5The FreCORE and SweCORE datasets are available here: https://github.com/TurkuNLP/

Multilingual-register-corpora.
6The new extended FinCORE dataset is available here: https://github.com/TurkuNLP/FinCORE_

full
7The Genre-KI-04 dataset is available here: https://webis.de/data/genre-ki-04.html.
8The 20-Genre Collection can be accessed through the Internet Archive Wayback Machine: https:

//web.archive.org/web/20120512021524/http://dis.ijs.si/mitjal/genre/

https://github.com/TurkuNLP/CORE-corpus
https://www.english-corpora.org/core/
https://github.com/ssharoff/genre-keras
https://github.com/TurkuNLP/FinCORE
https://turkunlp.org/register-annotation-docs
https://github.com/TurkuNLP/Multilingual-register-corpora
https://github.com/TurkuNLP/Multilingual-register-corpora
https://github.com/TurkuNLP/FinCORE_full
https://github.com/TurkuNLP/FinCORE_full
https://webis.de/data/genre-ki-04.html
https://web.archive.org/web/20120512021524/http://dis.ijs.si/mitjal/genre/
https://web.archive.org/web/20120512021524/http://dis.ijs.si/mitjal/genre/
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2.3 Machine Learning Approaches for Automating Genre
Identification

Prior to the emergence of deep neural classifiers, support vector machines (SVMs) were the
most commonly used approach in previous work (Laippala et al., 2021; Laippala et al., 2017;
Petrenz & Webber, 2011; Pritsos & Stamatatos, 2018; Rezapour Asheghi, 2015; Sharoff
et al., 2010). However, this machine learning method has shown limited generalization
capabilities. Sharoff et al. (2010) evaluated the performance of linear SVMs in a cross-
dataset classification setting, where the model was trained on one genre dataset and tested
on another. The results indicated strong dataset dependence – while the models performed
well in the in-dataset scenario, their accuracy on other datasets was mostly below 40%.
This does not satisfy our criteria for model robustness which we define as the ability to
generalize across datasets and, ideally, across languages. These findings also highlight the
importance of evaluating classifiers on multiple datasets, as in-dataset results may not
reflect the model’s effectiveness in real-world scenarios.

In recent years, SVMs and other non-neural methods have been largely replaced by the
Transformer-based pre-trained BERT-like language models which have demonstrated sig-
nificantly stronger capabilities. Repo et al. (2021) and Rönnqvist et al. (2021) showed that
these models can achieve strong performance when trained on smaller training datasets,
and even across languages in zero-shot cross-lingual settings. Experiments with varying
sizes of the CORE dataset (Egbert et al., 2015) revealed that the performance of a fine-
tuned Transformer model plateaued after using approximately 10,000 training instances,
indicating that manual annotation of substantially larger datasets is unnecessary (Laippala
et al., 2022). Moreover, when the model was evaluated on longer texts, the beginning of
the document, that is, the first 512 tokens, was shown to be the most informative part for
genre prediction, which dismisses the need for using models designed to deal with longer
texts, such as the Longformer language model (Beltagy et al., 2020).

Table 2.3 provides an overview of recent machine learning experiments on datasets
from the CORE (Egbert et al., 2015; Laippala et al., 2019; Laippala et al., 2020) and
FTD (Sharoff, 2018) genre dataset families, as reported in previous work (Laippala et al.,
2022; Repo et al., 2021; Sharoff, 2021). The reported results are hardly comparable, as
the experiments were applied on different datasets and used different schemata, machine
learning models, and evaluation metrics. Nevertheless, the overview still provides an insight
into the state-of-the-art performance of genre classifiers.

Multiple studies have shown the massively multilingual XLM-RoBERTa model (Con-
neau et al., 2020) to be the most appropriate for this task, achieving micro-F1 scores
between 0.72 and 0.84 in the in-dataset classification setting (Repo et al., 2021; Rönnqvist
et al., 2021). Recent studies advise that the model is fine-tuned on a combination of mul-
tiple genre datasets, which improves its performance and its robustness against topic bias
in training data (Lepekhin & Sharoff, 2022; Rönnqvist et al., 2021).

The fine-tuned XLM-RoBERTa model has also shown promising zero-shot cross-lingual
performance with F1 scores between 0.61 and 0.69 when trained on English CORE dataset
and evaluated on Finnish, French, and Swedish (Repo et al., 2021). The XLM-RoBERTa
model trained on an extended multilingual dataset using a modified set of CORE labels
was further evaluated in a zero-shot cross-lingual scenario on 11 languages (Henriksson
et al., 2024), achieving an average micro-F1 score of 0.66 and an average macro-F1 score
of 0.62. These results indicate promising possibilities for the development and application
of genre classifiers on less-resourced languages based on multilingual Transformer-based
BERT-like language models.
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Table 2.3: Overview of the model (in-dataset) performance on the most relevant high-
coverage genre datasets, as reported in previous work.

Research Dataset Number of
labels

Model Best score
(per dataset)

Sharoff
(2021)

FTD (English),
FTD (Russian)
(Sharoff, 2018)

10 (subset of
FTD labels)

Bi-directional Long
Short-Term Memory
(BiLSTM) classifier
(Yogatama et al.,
2017)

Precision:
0.77, 0.75

Repo
et al.
(2021)

FinCORE,
FreCORE,
SweCORE,
CORE (Egbert
et al., 2015)

7 (subset of
CORE main
labels)

XLM-RoBERTa large
(Transformer model)
(Conneau et al., 2020)

F1: 0.73,
0.77, 0.83,
0.76

Laippala
et al.
(2022)

CORE (Egbert et
al., 2015)

56 (CORE
main
and sub-
categories;
multilabel
approach)

BERT large (Trans-
former model) (Ken-
ton & Toutanova,
2019)

Micro-F1:
0.68
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Abstract
Automatic genre identification (AGI) is a text classification task focused on genres, 
i.e., text categories defined by the author’s purpose, common function of the text, 
and the text’s conventional form. Obtaining genre information has been shown to 
be beneficial for a wide range of disciplines, including linguistics, corpus linguis-
tics, computational linguistics, natural language processing, information retrieval 
and information security. Consequently, in the past 20 years, numerous researchers 
have collected genre datasets with the aim to develop an efficient genre classifier. 
However, their approaches to the definition of genre schemata, data collection and 
manual annotation vary substantially, resulting in significantly different datasets. As 
most AGI experiments are dataset-dependent, a sufficient understanding of the dif-
ferences between the available genre datasets is of great importance for the research-
ers venturing into this area. In this paper, we present a detailed overview of different 
approaches to each of the steps of the AGI task, from the definition of the genre con-
cept and the genre schema, to the dataset collection and annotation methods, and, 
finally, to machine learning strategies. Special focus is dedicated to the description 
of the most relevant genre schemata and datasets, and details on the availability of 
all of the datasets are provided. In addition, the paper presents the recent advances in 
machine learning approaches to automatic genre identification, and concludes with 
proposing the directions towards developing a stable multilingual genre classifier.
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1  Introduction

Genres are text categories, defined by the author’s purpose, common function of 
the text, and the text’s conventional form (Orlikowski & Yates, 1994). They have 
been studied already in Antiquity, as the Greek philosophers and orators recog-
nized that the manner in which the information is conveyed plays an important 
role on the receivers’ understanding of the message, as well as the efficiency of 
communication (Kwasnik & Crowston, 2005). As genre involves multiple dis-
course, language and textual phenomena, it has been studied by researchers from 
various fields. The term is widely used in linguistics, rhetoric, literary theory, dis-
course studies, media theory, as well as computational linguistics and information 
retrieval studies (Chandler, 1997). The importance of providing information on 
genres included in a text collection was also recognized by the authors of refer-
ence corpora, such as the British National Corpus (BNC) (Davies, 2004) and the 
Corpus of Contemporary American English (COCA) (Davies, 2008).

Since the advent of the World Wide Web, there has been an increased interest 
in identifying genres in text collections, as the web allowed querying and collect-
ing unprecedented quantities of texts. There has been large interest in genre iden-
tification in the area of information retrieval (see Stubbe and Ringlstetter 2007; 
Eissen and Stein 2004; Vidulin et al. 2007; Roussinov et al. 2001; Finn and Kush-
merick 2006; Boese 2005; Priyatam et al. 2013; Stein et al. 2010), as the informa-
tion on the genre in a query in information retrieval tools would allow users to 
find the texts that are relevant for them more efficiently (Crowston et al., 2010). 
Furthermore, collecting texts from the web has allowed a significantly faster and 
cheaper creation of corpora which are essential for language research and devel-
opment of advanced language resources and technologies, especially in cases of 
under-resourced languages. However, in contrast to corpora that were carefully 
manually selected, web corpora are built in an automated way due to which their 
composition remains unknown (Baroni et al., 2009).

To obtain the information on the genre of specific texts in large collections 
of text, automatic genre identification (AGI), a text classification method which 
categorizes texts into genres, is the only feasible option due to the high data vol-
ume. AGI is primarily researched in the field of language technology which is 
concerned with computational processing of human languages and which encom-
passes computational linguistics and natural language processing (NLP), com-
bining linguistics and computer science, especially artificial intelligence. As the 
authors of smaller, manually collected collections of texts are usually aware of 
the source of texts and their types, automatic genre identification is mostly stud-
ied to be applied on large web-based text collections where the source of texts 
is unknown. That is also why most of genre-annotated datasets surveyed in this 
paper contain texts from the web. However, since many high-coverage genre 
schemata, presented in this work, aim to cover all of the genre categories found in 
texts, the results of web genre identification research can be applied to collections 
of texts which do not originate from the web as well.
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In addition to the benefits of genre identification for information retrieval and cor-
pus creation and curation, it was shown that annotating documents with genre is also 
beneficial in many other NLP tasks. For instance, in part-of-speech (PoS) tagging of 
web corpora, Giesbrecht and Evert (2009) showed that using different granularity of 
PoS sets depending on the genres improves the tagging accuracy. Stewart and Cal-
lan (2009) showed that automatic genre identification improves automatic summa-
rization, as the genre-oriented and goal-focused summarization algorithms outper-
formed other summarization methods. In addition to this, genres were revealed to be 
beneficial for machine translation (Van der Wees et al., 2018) and zero-shot depend-
ency parsing (Müller-Eberstein et al., 2021). Recently, genre has also been studied 
in the area of information security, where it can be used for automated genre-aware 
assessment of credibility of web documents (Agrawal et al., 2019).

Obtaining information on genres can be of great value in a wide range of dis-
ciplines, including linguistics, corpus linguistics, computational linguistics, natu-
ral language processing, information retrieval and information security. Therefore, 
automatic genre identification models would be a great resource, as manual anno-
tation of thousands of texts with genre labels is expensive and time-consuming, 
and, despite the best efforts, it can often result in unreliable annotations. However, 
although various attempts have been made to provide schemata, genre-annotated 
datasets and classifiers, there are no reference datasets (Sharoff, 2010) that can be 
directly used for building an AGI classifier which could be applied to any collec-
tion of web documents. In previous work, researchers used various genre definitions, 
annotation practices and corpora collection methods, each of them having its advan-
tages and disadvantages. Thus, when approaching the automatic genre identification 
(AGI) task, one must not only ponder the appropriate machine learning strategy, but 
needs to carefully define each step of the data collection, schema creation and data 
annotation process.

The objective of this paper is to present a detailed survey of the existing research 
on automatic genre identification and available genre datasets. The rest of the 
paper is organised as follows: Sect. 2 presents various terms and definitions used to 
describe genres, which are the basis of genre schemata, discussed in Sect. 3. Sec-
tion 4 compares existing genre-annotated datasets given the data collection methods 
and annotation approaches. The most frequently used datasets are presented in more 
detail. Section 5 presents an overview of text classification machine learning meth-
ods typically used for the automatic genre identification task, the results of various 
experiments, and the main challenges for automatic genre identification. Finally, 
Sect. 6 concludes the paper by summarising its findings, and proposing directions 
for improvements in the area.

2 � Genre definition

One of the main challenges of studying genre is that there is no consensus among 
researchers on the definition of the genre phenomenon, or how to differentiate 
between genres, what qualifies for a genre class, and, finally, what the optimal genre 
schema is. Even more, there is no consensus on the term used for this phenomenon. 
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While many researchers use the term “genre” and describe this task as “automatic 
genre identification” (AGI) or “web genre identification” (WGI), others avoid this 
term and prefer derived analogues, such as “registers” (see Egbert et al. 2015 and 
further research by Laippala et al. 2019; Repo et al. 2021; Ronnqvist et al. 2021), 
“functional text dimensions” (see Sharoff 2018) or “text types” (see Stubbs 1996). 
While extensive work has been dedicated to navigate this “terminological maze”, as 
Moessner (2001) put it, especially to distinguish between registers and genres (see 
Biber and Conrad 2019, Sharoff 2021, Lee 2002A), some researchers use the two 
terms interchangeably and argue that the distinction between them is “not relevant, 
and the choice between genre and register comes down to personal preference or 
tradition” (Egbert et al., 2015). However, in linguistics and especially sociolinguis-
tics the term “register” is used to describe a different aspect of language variation, 
connected with conversational context. Frequent register categories are “academic 
language”, “non-standard language”, “formal language” and so on (see Lukin et al. 
2011). According to Lee (2002A), the largest difference between the concepts of 
genres and registers is that genres describe whole texts, while registers are defined 
based on internal linguistic patterns, which are independent of text-level structures.

In addition to this, another challenge is how to define genres, an endeavour 
described by Chandler (1997) as a “theoretical minefield". In general, most defini-
tions describe genre classes based on the socially recognized form of a document 
and its intended communicative purpose (Kwasnik & Crowston, 2005). In addition 
to this, some definitions also consider the target audience (Eissen & Stein, 2004), 
expectations of the reader (Santini, 2006), style (Finn & Kushmerick, 2006; Arga-
mon et  al., 1998), or the content of the texts (Rosso, 2008). To identify genres, 
researchers observe their intrinsic features, i.e., the linguistic and other “look’n’feel” 
features in the text (text-internal perspective), their extrinsic features, that is the 
function of the texts (text-external or functional perspective), or both (see Sharoff 
(2010, 2021) for a detailed discussion on both perspectives).

Moreover, studying genres, especially genres of digital texts, is a “formidable 
undertaking”, to cite Kwasnik and Crowston (2005), due to fundamental difficul-
ties connected with the genre notion itself. Firstly, conventional characteristics of 
a genre category can change over time and instances can be more or less prototypi-
cal in a specific time period (see Santini et al. (2010), Santini (2006)). The evolu-
tion of genres was especially notable after the introduction of the World Wide Web, 
when researchers observed emergence of new genres, unique to the web, and exist-
ing genres that evolved to adapt to the new medium (Williams & Crowston, 2000). 
Although many genres of web documents exist also in traditional texts, genres on 
the web are less fixed (Kwasnik & Crowston, 2005). Secondly, some web documents 
can be hybrids, which means that a single text can display characteristics of multiple 
genres, e.g., an advertorial, a document that has the form of a news article, but the 
purpose of a promotion of a product (see Sharoff (2021) and Repo et  al. (2021)). 
Thirdly, some web documents might not have any discernible characteristics of a 
genre class. They can be too short to reveal the purpose of the communication. They 
can also be of an emerging genre, or a specialized genre with which the reader is 
not familiar with, e.g., a shipping invoice, used by accountants (see Williams and 
Crowston (2000)). In addition to this, it is argued that genre can only be realized 
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in a complete text (Biber & Conrad, 2019), which is not always available after the 
extraction of the text from a web page, a process that often includes removal of boil-
erplate content and other imperfect processing methods (see Pomikálek (2011)).

3 � Genre schemata

Eissen and Stein (2004) noted that an “inherent problem of web genre classification 
is that even humans are not able to consistently specify the genre of a given page”. 
Text instances can be more or less prototypical examples of its genre classes, can be 
hybrids or can lack characteristics of any genre. Thus, it is crucial for the reliability 
of a genre-annotated dataset that the genre schema supports the annotators so that 
their decisions are as consistent as possible. As no reference schema exists, most 
studies use their own, devised in accordance with the aim of the research. Sche-
mata, used in previous work, vary significantly in terms of the number of classes, 
which range from seven (Santini, 2007; Sharoff, 2010; Lee & Myaeng, 2002b) to 
more than a hundred (Roussinov et al., 2001) or almost 300 classes (Crowston et al., 
2010). They are either hierarchical (Stubbe & Ringlstetter, 2007; Egbert et al., 2015) 
or not (Asheghi et al., 2016; Sharoff, 2018).

Most existing schemata consist of around 10 to 20 categories, while some of 
them comprise of more than 50 genre classes (see Crowston et al. (2010); Roussinov 
et al. (2001); Williams and Crowston (2000); Egbert et al. (2015); Berninger et al. 
(2008)). Larger granularity usually increases the annotation complexity which 
results in a lower inter-annotator agreement and a less reliable dataset (see Sharoff 
(2010)). However, it should be noted that although a smaller set results in broader 
categories, they should still be limited by functional and form constraints so that 
the texts belonging to them share certain distinguishing properties, as argued by 
Asheghi et al. (2016). As in the case of a high granularity, too broad categories can 
also negatively impact the reliability of the annotated dataset and can be less useful 
for automatic identification. In addition to this, if the aim of a genre schema is to 
capture the entire diversity of genres on the web, Sharoff (2021) warned that genres 
are not fixed and writers are not constrained to following genre norms, thus, one 
should be aware that there will always exist web documents which do not fit under 
any genre class. While most studies used a pre-defined closed set of labels, some 
previous work took this issue into consideration, i.e., Asheghi et al. (2016) and Kuz-
man et al. (2022b) included a category Other in the schema, and Pritsos and Stama-
tatos (2018) used an open-set classification approach, allowing for a document not to 
be associated with any genre class.

Most of the schemata were developed following the top-down approach, which 
is based on theoretical principles, researchers’ knowledge and understanding of 
the domain, and categorization from previous research. In regard to this approach, 
Rehm et al. (2008) proposed that the researchers should take advantage of accumu-
lated expert knowledge, to avoid choosing the genre set based solely on how they 
perceive the classes, because the end users without a linguistic education might 
understand genre categories differently than genre researchers. By deriving the 
schema from category sets proposed by various research groups, this approach leads 
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to an improved set of categories that have already been proven to be applicable to 
the variety of language in actual document collections. An alternative approach is 
the bottom-up approach, taken up by some researchers (Crowston et al., 2010; Dewe 
et al., 1998; Eissen & Stein, 2004; Egbert et al., 2015), which is based on surveys 
of web users. This approach revealed to be problematic as the respondents were not 
consistent, they had difficulties with naming genres or used general or unspecific 
terms (see Crowston et al. (2010)).

The main factor defining the composition of genre schemata in previous works 
was the aim with which the genre dataset was constructed. Some researchers aimed 
to create a schema which would cover all possible genre variation found in (mostly 
web) texts. Such datasets allow for creation of general-purpose classifiers which 
would be able to classify any text into some genre class. In contrast, other research-
ers were not interested in covering all of the diversity found in text collections. They 
rather focused on a smaller set of specific genres that they deemed to be the most 
useful for search engine users who would find texts more efficiently based on genre 
criteria. In addition, some other schemata and corresponding genre datasets were 
developed with the aim to study characteristics of specific genres, such as poetry and 
prose, or with the aim of improving manual annotation. Thus, based on the aim of 
genre research, we divided the genre schemata into the following groups: 

1.	 High-coverage schemata (complete genre taxonomy) which aim to cover the entire 
genre composition of the web. These studies mostly used larger sets of specific 
classes (see Stubbe and Ringlstetter (2007); Sharoff (2018); Egbert et al. (2015); 
Laippala et al. (2019); Kuzman et al. (2022b); Suchomel (2020)), a smaller set of 
broader categories (see Sharoff (2010)) or a combination of the two (see Santini 
(2010)).

2.	 Information retrieval schemata, created with the aim to provide genre identifica-
tion inside the search engines. Thus, they consist of genre categories that are 
deemed to be useful for the search engine users (see Eissen and Stein (2004); 
Vidulin et al. (2007); Roussinov et al. (2001); Dewe et al. (1998); Lim et al. 
(2005); Santini (2007)).

3.	 Schemata, developed with other aims: limited sets of categories used in studies 
which analyse one or a few genre classes, e.g., a smaller set of genres of interest  
(Boese (2005); Lee and Myaeng (2004); Asheghi et al. (2016)), academic genres 
(Rehm, 2002), e-shop genres (Levering et al., 2008), poetry and prose genres 
(Shavrina, 2019), news articles and reviews (Finn & Kushmerick, 2006), and 
home pages (Kennedy & Shepherd, 2005).

The most relevant schemata are presented in more details in Sect. 4.3, together with 
the datasets for which they were used.

To explore which categories appear most frequently in the schemata, we ana-
lysed 16 of the previously mentioned schemata, i.e., schemata from the works of 
Egbert et al. (2015), Asheghi et al. (2016), Stubbe and Ringlstetter (2007), Eis-
sen and Stein (2004), Santini (2007), Vidulin et al. (2007), Sharoff (2010), Laip-
pala et al. (2019), Santini (2010), Sharoff (2018), Dewe et al. (1998), Lim et al. 
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(2005), Boese (2005), Lee and Myaeng (2002b), Suchomel (2020), Kuzman et al. 
(2022b). Together, the schemata have 280 genre labels, out of which 214 have 
unique names. After merging genre labels that have very similar names, such as 
“FAQ” and “FAQs” or “news” and “news/reporting”, there are 177 unique genre 
labels, out of which 129 appear only in one schema and 28 only in two schemata. 
Table  1 shows the 20 labels that are used in at least 3 schemata. Out of these 
labels, the most frequent categories are FAQ and Instruction, appearing in 7 or 
more schemata, and News, Legal, Personal Home Page and Review, appearing in 
6 schemata.

Schemata also vary in terms of the simplicity of names, used for genre labels. 
As shown in Table 1, the most frequent categories are named with common words 
with the aim of making the labels understandable to the end users, e.g. Instruc-
tion, News or Interview. In contrast, some researchers opted for more abstract 
label names, such as content delivery (Vidulin et al., 2007), resources (Stubbe & 
Ringlstetter, 2007), recreation (Sharoff, 2010), commpuff (Sharoff, 2018).

While Table 1 shows which category names are most frequently used in genre 
schemata, we should note that this is a harsh generalization of the existing cat-
egories, primarily for purposes of obtaining an overview. The reality in the 

Table 1   Most frequent genre 
labels from 16 genre schemata

Labels with very similar names, e.g., “FAQ” and “FAQs” or “news” 
and “news/reporting”, were counted as the same label name

Genre label Occurrences 
in schemata

FAQ 9
Instruction 7
News 6
Legal 6
Personal home page 6
Review 6
Information 5
Discussion 5
Research article 5
Interview 5
Lyrical 5
Poem 4
Recipe 4
E-shop 4
Editorial 4
Promotion 3
Link Collection 3
Journalistic 3
Blog 3
Prose 3
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underlying datasets is much more complicated. Labels that have same or similar 
names do not necessarily cover similar texts, as this depends on the researchers’ 
and annotators’ understanding of the labels. Moreover, the texts inside similarly 
named classes in different datasets could differ significantly also based on the 
approaches, with which the datasets were collected, as described in the following 
section.

The case of journalistic genres illustrates well the differences between the sche-
mata and shows why it is infeasible to merge any datasets, even if their labels 
have similar names. For instance, the Genre-KI-04 dataset (Eissen & Stein, 2004) 
includes a label Article, for which one might assume that it represents news articles. 
However, in the documentation accompanying the dataset, the label is defined as 
“Documents with longer passages of text, such as research articles, reviews, tech-
nical reports, or book chapters”. The label thus includes a large variety of texts, 
including opinionated texts, such as the instance in Fig. 1. In the 20-Genre Collec-
tion (MGC) (Vidulin et  al., 2007), a genre that could be connected to news arti-
cles based on the name is Journalistic. Its definition further confirms this: “conveys 
mostly objective information on current events” (Vidulin et al., 2007). However, on 
their website,1 authors included the following types of texts under the Journalistic 
genre: news, reportages, editorials, interviews and reviews, indicating that the class 
is quite broad and includes objective as well as subjective texts. The great inner vari-
ation between the texts, included in this genre, can be seen in Fig. 2. In the CORE 
dataset (Egbert et  al., 2015), the news article genre is divided into two categories 
– News Report/Blog and Sports Report – based on the topic of articles. In addition, 

Fig. 1   An example of a text from the category Article in the Genre-KI-04 (Eissen & Stein, 2004) dataset

1  The website can be accessed through the Internet Archive Wayback Machine: https://​web.​archi​ve.​org/​
web/​20120​51311​3203/​http://​dis.​ijs.​si/​mitjal/​genre/​list_​of_​genres.​htm
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the schema also includes a class, named Magazine Article. The News Report/Blog 
genre is defined in the annotation guidelines2 as a “news report written by journal-
ists and published by news outlets” with the purpose to report on recent events. 
Despite a clear description, instances in this class vary from objective reports on 
recent events to opinionated blog-like posts, as can be seen in Fig. 3.

The examples in Figures show that a detailed exploration of texts inside the col-
lections would be necessary to be able to compare the genre schemata thoroughly, 
which is outside of the scope of the paper. What is more, more detailed analyses of 
genre classes and the compatibility of datasets are hampered by unavailability of the 
datasets that use the analysed schemata.

Fig. 2   Two instances, labelled with the category Journalistic in the 20-Genre Collection (MGC) dataset 
(Vidulin et al., 2007)

Fig. 3   Two instances, labelled with the category News Report/Blog in the CORE dataset (Egbert et al., 
2015)

2  https://​turku​nlp.​org/​regis​ter-​annot​ation-​docs/​regis​ter/​NA-​ne.​html
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4 � Genre‑annotated datasets

This section discusses the process of constructing datasets that are manually anno-
tated for genre. They are the basis for training machine learning models for auto-
matic genre identification. Some genre researchers used traditional general-purpose 
corpora that have genre information, such as Corpus of Contemporary American 
English (COCA) (Davies, 2008) (see Ströbel et  al. (2018)), British National Cor-
pus (BNC) (Lee, 2002A) (see Sharoff (2010)) and Brown Corpus (Kučera & Fran-
cis, 1967) (see Karlgren and Cutting (1994)). However, these datasets do not repre-
sent well the challenges for automatic genre identification imposed by less curated 
web text collections, where there is much wider variation between styles and qual-
ity of texts (Sharoff, 2010). That is why in the great majority of studies, the genre 
researchers decided to construct their own datasets based on web data. The process 
of building genre-annotated datasets regularly starts with a selection of data to be 
manually annotated, as described in Sect. 4.1. Next, manual annotation for genre is 
performed, as discussed in Sect. 4.2. We wrap up this section with an overview of 
various types of manually annotated datasets in Sect. 4.3.

4.1 � Data Selection

Most datasets that are manually annotated for genre consist of texts originating from 
the web. The texts are either taken from existing web corpora, or new document col-
lections are constructed in a manual or an automated manner.

As genre-annotated datasets were created with different aims, and financial and 
technical constraints, they largely differ in terms of size, collection methods and doc-
ument format. In many studies, the datasets were limited to document formats which 
are easier to obtain from the web and to process with automated methods, such as 
HTML. This influences the genre distribution in the final dataset, as by not includ-
ing PDF files or Word documents, certain genres for which the preferred format is 
PDF, such as research papers and catalogues, are likely under-represented (Santini 
et al., 2010).

Based on the collection method, web corpora can be categorized into designed 
and crawled corpora (Kilgarriff, 2012). In designed corpora, texts are collected based 
on certain criteria, defined by the researchers. Although this collection method facil-
itates the annotation and machine classification, Sharoff (2010) argues that designed 
corpora are not representative of the actual genre distribution on the web. They are 
thus less useful for training a genre classifier that would be applied on a new text col-
lection. In contrast, crawled corpora represent a “(more or less faithful) snapshot of 
the web” (Asheghi et al., 2016). Examples of designed corpora are those by Stubbe 
and Ringlstetter (2007), Santini (2007), Boese (2005), Berninger et al. (2008), while 
Laippala et al. (2020), Kuzman et al. (2022b) and Sharoff (2018) used samples of 
crawled corpora. Rehm et al. (2008) proposed using both methods, which was done 
by Asheghi et al. (2016). They first collected a designed corpus consisting of proto-
typical instances to test their method of manual annotation, and then extended their 
research to a random collection of web texts to analyse the coverage of the genre 
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schema and the reliability of annotation in a more realistic setting. Another com-
monly used method for data collection is retrieving top hits of automated queries 
made to a search engine (see Egbert et al. (2015); Sharoff (2010); Lim et al. (2005)). 
However, one should be aware that the final composition of such collection might be 
impacted by the choice of keywords in the queries and by the searching and ranking 
algorithms used by the search engines which favour more popular pages (see Santini 
et al. (2010); Asheghi et al. (2016)). This can result in a bias towards certain genres, 
such as e-shops. Furthermore, this method allows collecting only documents that 
can be found on the searchable web (Egbert et al., 2015).

Being aware of the impact of the collection method on the resulting dataset, 
Asheghi et  al. (2016) and Lim et  al. (2005) devoted attention to assuring that the 
texts from the crawled corpus originate from a wide variety of sources, to avoid 
biases towards certain topics, authors or sources, thereby guaranteeing generaliz-
ability of the resulting datasets. Furthermore, Asheghi et  al. (2016) and Kuzman 
et al. (2022b) assured temporal diversity of sources, by selecting sources published 
at several time points, as some genres, such as News, have strong temporal connec-
tion to topics.

4.2 � Annotation practices

In addition to the corpus collection methods that the datasets are based on, one of 
the most crucial factors for producing a high-quality dataset that can be used for 
machine learning experiments is reliable manual annotation. The annotation can 
be performed by a smaller group of experts, such as in the case of Santini (2006); 
Vidulin et al. (2007); Eissen and Stein (2004). However, as the task is very time-
consuming, annotation campaigns in previous research mostly resulted in relatively 
small datasets, consisting of less than 2,000 texts. To achieve faster and cheaper 
manual annotation, some researchers leveraged the advent of crowd-sourcing. This 
is how two of the biggest English genre-annotated corpora were created, the Leeds 
Web Genre Corpus (Asheghi et  al., 2016) and the CORE corpus (Egbert et  al., 
2015). The decision to opt for crowd-sourcing was based on the previous findings 
(see Snow et al. (2008)) which compared expert and crowd-sourcing annotation on 
various tasks and concluded that if four non-experts annotate the same instance, 
the final annotations are often comparable to the expert-annotation quality. In addi-
tion to this, Asheghi et al. (2016) argue that this is the most appropriate annotation 
method, because it avoids potential bias from the experts who both developed the 
genre schema and annotated the dataset.

Furthermore, annotation strategies vary based on how researchers dealt with 
hybridity of web texts. As mentioned in the Introduction, classifying web texts in 
genre categories can be challenging, because some texts, known as hybrid texts, can 
have characteristics of multiple genres. The hybridity of texts might be intentional, 
which is the case of an advertorial – a promotion of a product written in a form of 
a news article to appear more trustworthy to the readers. It might also occur due to 
authors’ lack of expertise or willingness to follow traditionally accepted genre char-
acteristics (Sharoff, 2021). In contrast to non-digital texts which are often reviewed 
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before being printed and published, a much larger number of texts on the web does 
not undergo any editorial control which would compel the authors to follow genre 
norms.

In addition to hybrid texts where characteristics of multiple genres are inter-
twined, there exist multi-class documents, which consist of a selection of function-
ally-separated texts of different genres that were published on the same web page 
and thus belong to a single document (Stubbe & Ringlstetter, 2007). An example 
of a multi-class document is a document from a web page consisting of a news arti-
cle, followed by the readers’ comments. A special and the most-challenging case of 
multi-class documents are documents where text in another genre is embedded in 
another text (see Williams and Crowston (2000)), such as a blog post that includes 
an entire letter. To assure a reliable annotation, challenges with hybrid texts and 
multi-class documents need to be addressed in the data selection and annotation pro-
cedure. Some previous studies tackled the issue with hybrid texts by allowing multi-
label annotation, i.e., assigning multiple labels to a single text (Vidulin et al., 2007; 
Laippala et al., 2019; Sharoff, 2018; Suchomel, 2020; Egbert et al., 2015; Kuzman 
et al., 2022b).

The reliability of the annotation procedure is commonly evaluated based on the 
inter-annotator agreement, i.e., agreement of two or more annotators on the label 
of the same instance. That is why most of the datasets were annotated by at least 
2 annotators. However, their reliability cannot be directly compared, because dif-
ferent methods were used to calculate the agreement: percentage agreement (in 
Asheghi et al. (2016), Roussinov et al. (2001), Williams and Crowston (2000), Ber-
ninger et al. (2008)), Fleiss’ kappa (Fleiss, 1971) (in Asheghi et al. (2016), Egbert 
et  al. (2015)), Cohen’s kappa coefficient (Cohen, 1960) (in Vidulin et  al. (2007)), 
Krippendorff’s alpha (Krippendorff, 2018) (in Vidulin et  al. (2007); Sharoff 
(2018); Suchomel (2020); Kuzman et  al. (2022b)), Jaccard similarity coefficient 
(in Suchomel (2020)), accuracy (in Suchomel (2020)) and F1 score (in Repo et al. 
(2021)).

Despite the best efforts in creating optimal genre schemata, with annotation 
guidelines and surveys that provide guidance to the annotators, previous stud-
ies revealed that achieving high inter-annotator agreement is very challenging. For 
instance, Suchomel (2020) concluded that a high agreement in this task is “hardly 
possible”. This is also the case for two of the datasets that have been recently most 
frequently used, the Corpus of Online Registers of English (CORE) (Egbert et al., 
2015) and the Functional Text Dimensions (FTD) dataset (Sharoff, 2018). For 
CORE (Egbert et al., 2015), an analysis of the inter-annotator agreement revealed 
that there was no majority agreement, i.e., agreement between at least three of four 
annotators, on one-third of texts on the level of 8 main categories, and on half of 
the texts on the level of 53 subcategories. When Sharoff (2018) applied the CORE 
schema and annotation process on another dataset, the inter-annotator agreement 
reached a nominal Krippendorff’s alpha of 0.66 and 0.53 for main categories and 
subcategories respectively, which is on the verge and below the acceptable thresh-
old of 0.67, defined by Krippendorff (2018). For the FTD dataset, the inter-annota-
tor agreement initially revealed encouraging results, reaching Krippendorff’s alpha 
above 0.76 (Sharoff, 2018). However, when the annotation was extended to another 
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dataset in subsequent research by Suchomel (2020), the minimal acceptable Krip-
pendorff’s alpha was not reached despite using a smaller set of labels. Recently, 
based on the findings from the previously discussed work, Kuzman et al. (2022b) 
considered assuring a reliable annotation at every step of their research. They 
devised their genre schema based on the categories from previous schemata so that 
the categories would be widely used and the label names would be recognizable to 
the annotators. The authors also opted for expert annotators instead of crowd-sourc-
ing, and devised a decision tree survey and detailed guidelines with examples which 
led the annotators through their decision process. The results of the annotation cam-
paign showed that this endeavour resulted in an inter-annotator agreement up to the 
nominal Krippendorff’s alpha of 0.71.

To avoid time-consuming and costly manual annotation, Santini (2006) proposed 
“annotation by objective sources”. This means that she identified genre-specific web 
domains, such as e-shops, and considered all texts from the domain as automati-
cally belonging to the same genre without any further manual annotation. Automatic 
annotation was also applied to texts that contained the name of the genre in the title. 
This approach is based on the idea that if a text originates from a web domain which 
specializes in publishing texts of one genre, this means that web users collectively 
consider the text to belong to this genre. This approach was recently taken up by 
Lepekhin and Sharoff (2021) as well, who named it “natural annotation”.

If researchers opted to use an existing genre schema for performing automatic 
genre identification experiments, they most often chose those from the few openly 
available datasets. For instance, two earlier schemata, Genre-KI-04 (Eissen & Stein, 
2004) and 7-Web-Genre-Collection (Santini, 2006), were often used for evaluation 
of automatic genre identification algorithms (Jebari, 2021; Pritsos & Stamatatos, 
2018; Kanaris & Stamatatos, 2007, 2009; Mason et al., 2009). However, today, most 
AGI experiments, as well as new genre datasets, are based on the schemata of the 
Corpus of Online Registers of English (CORE) (Egbert et al., 2015), the Functional 
Text Dimensions (FTD) approach (Sharoff, 2018), or the GINCO corpus (Kuzman 
et al., 2022b). The datasets and their schemata are described in more details in the 
following section.

4.3 � Comparison of datasets

An overview of genre-annotated datasets with information on their size, language, 
number of classes and hierarchy depth, annotation approach and availability is 
shown in Table 2. The most relevant datasets, divided into high-coverage datasets, 
information retrieval datasets and other datasets, are described in more details in the 
following subsections.

As shown in Table 2, less than half of the datasets are available online for use in 
further experiments. As none of the datasets, except the GINCO dataset (Kuzman 
et  al., 2022b), is published in a repository, they are hard to find and can become 
unavailable over time. For instance, previously most often used datasets, e.g., the 
7-Web Genre Collection (Santini, 2007), the Hierarchical genre collection (Stubbe 
& Ringlstetter, 2007), KRYS I (Berninger et  al., 2008) and others, used to be 
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Table 2   Overview of the genre-annotated datasets, compared in terms of size (number of texts), language 
(ISO codes), number of classes in the genre schema and multi-label approach

If the schema is hierarchical, the number of classes includes the main classes and sub-classes, e.g., 7/32 
stands for 7 main classes and 32 sub-classes
aThe Genre-KI-04 dataset is available here: https://​webis.​de/​data/​genre-​ki-​04.​html.
bThe 20-Genre Collection can be accessed through the Internet Archive Wayback Machine: https://​web.​
archi​ve.​org/​web/​20120​51202​1524/​http://​dis.​ijs.​si/​mitjal/​genre/
cDetails on the dataset are based on the description in Rezapour Asheghi (2015).
dThe CORE corpus is available here: https://​github.​com/​Turku​NLP/​CORE-​corpus and can be queried 
here: https://​www.​engli​sh-​corpo​ra.​org/​core/.
eThe FTD dataset is available here: https://​github.​com/​sshar​off/​genre-​keras.
fThe FinCORE dataset is available here: https://​github.​com/​Turku​NLP/​FinCO​RE.
gBased on the annotation guidelines published at https://​turku​nlp.​org/​regis​ter-​annot​ation-​docs.
hThe FreCORE and SweCORE datasets are available here: https://​github.​com/​Turku​NLP/​Multi​lingu​al-​
regis​ter-​corpo​ra.
iThe GINCO dataset is available here: http://​hdl.​handle.​net/​11356/​1467.
jThe new extended FinCORE dataset is available here: https://​github.​com/​Turku​NLP/​FinCO​RE_​full

Dataset Size (texts), Language Classes Multi-label

 Dewe et al. (1998) 1358 (EN) 2/11 No
 Stamatatos et al. (2000) 250 (EL) 10 No
 Roussinov et al. (2001) 1076 (EN) 116 No
 Lee and Myaeng (2002b) 7828 (KO), 7615 (EN) 7 Yes
Genre-KI-04 (Eissen & Stein, 2004)a 1239 (EN) 8 No
 Lim et al. (2005) 1328 (KO) 2/16 No
 Boese (2005) 343 (EN) 10 No
 Freund et al. (2006) 800 (EN) 16 No
7-Web Genre Collection (Santini, 2007) 1400 (EN) 7 No
20-Genre Collection (MGC) (Vidulin et al., 2007)b 1539 (EN) 20 Yes
Hierarchical genre collection (HGC) (Stubbe & 

Ringlstetter, 2007)
1280 (EN) 7/32 No

KRYS I (Berninger et al., 2008) 6300 (EN) 10/70 No
 Maeda and Hayashi (2009) 870 (JA) 7 No
SANTINIS-ML (Santini, 2010) 2480 (EN) 15 Yes
Syracuse dataset (Crowston et al., 2010)c 3027 (EN) 292 No
I-EN-Sample, I-RU-Sample (Sharoff, 2010) 250 (EN), 250 (RU) 7 No
CORE (Egbert et al., 2015)d 48,420 (EN) 8/47 Yes
Leeds Web Genre Corpus (Asheghi et al., 2016) 4964 (EN) 20 No
Functional Text Dimensions (FTD) (Sharoff, 2018)e 1562 (EN), 1,930 (RU) 18 Yes
FinCORE (Laippala et al., 2019) f 2237 (FI) 8/22g Yes

FreCORE, SweCORE (Laippala et al., 2020)h 688 (FR), 1085 (SV) 8/22 Yes
 Suchomel (2020) 1974 (EN) 9 Yes
LiveJournal dataset (Lepekhin & Sharoff, 2022) 13,629 (RU) 10 No
GINCO (Kuzman et al., 2022b) i 1002 (SL) 24 Yes
FinCORE (extended) (Skantsi & Laippala, 2023) j 10,754 (FI) 9/30 Yes
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available at a WebGenreWiki website which was last edited in 2012 and ceased to 
be available in 2015.3 Table 2 includes non-English datasets which are in general 
rare. Although the genre is mainly studied for English, there exist some research 
groups who work towards contributing datasets in other languages: Sharoff and col-
leagues from the University of Leeds, UK, with interest in Russian (Sharoff, 2010, 
2018, 2021; Lepekhin & Sharoff, 2022) and Arabic (Bulygin & Sharoff, 2018), 
and the TurkuNLP Group from the University of Turku, Finland, with interest in 
extending the CORE schema to other languages to leverage the promising advances 
in cross-lingual learning, providing Finnish (Laippala et al., 2019; Skantsi & Laip-
pala, 2023), Swedish and French (Laippala et al., 2020; Repo et al., 2021) datasets, 
and smaller evaluation datasets in 8 additional languages (Laippala et al., 2022b). In 
addition to this, there exist genre-annotated datasets for Korean (Lim et al., 2005; 
Lee & Myaeng, 2002b), Japanese (Maeda & Hayashi, 2009), Greek (Stamatatos 
et al., 2000) and Slovene (Kuzman et al., 2022b).

4.3.1 � High‑coverage datasets

In this section, we present the most relevant high-coverage datasets, i.e., datasets 
created with the aim of capturing all of the genre variation that can be found in 
(mostly web) texts. This is reflected in genre schemata, which consist either of a 
large number of specific categories or a smaller number of broader genre classes.

The hierarchical genre collection (HGC) (Stubbe & Ringlstetter, 2007) is one of 
the first datasets annotated with a hierarchical schema. The schema was devised fol-
lowing a combination of a top-down and bottom-up approach. It was based on the 
genre set proposed by Dewe et al. (1998) and improved based on the feedback from 
a user study. The schema, shown in Fig. 4, consists of 7 main categories and 32 sub-
categories. The dataset was collected manually, which means that it is a designed 

Fig. 4   Hierarchical schema, proposed by Stubbe and Ringlstetter (2007) and used in The hierarchical 
genre collection (HGC)

3  The website as it was in 2015 can be viewed via Internet Archive Wayback Machine at https://​web.​
archi​ve.​org/​web/​20150​61509​5927/​http://​www.​webge​nrewi​ki.​org/​index.​php5/​Main_​Page.
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corpus, and consists of 1,280 texts that are prototypical for the assigned genre 
classes.

The KRYS I (Berninger et al., 2008) dataset consists of over 6,000 texts that are 
exclusively in the PDF format. The authors used their own hierarchical schema of 
10 main categories and 70 subcategories, such as Poetry Book, Menu, News Report, 
Contract, Essay, Sheet Music. The dataset was collected manually by the students 
who collected instances of a genre that was assigned to them. Later, the instances 
were reclassified independently by two annotators.

The SANTINIS-ML dataset (Santini, 2010) is a multi-label extension of the 7-Web 
Genre Collection (Santini, 2007). Here, the authors introduced a double-layered 
genre schema with the aim of being able to cover all of the diversity of texts found 
on the web without having a very high granularity. The schema consists of four 
functional genres (Descriptive-Narrative, Explicatory-Informational, Argumenta-
tive-Persuasive and Instructional) and 11 specific genre categories – the labels from 
the 7-Web Genre Collection and 4 BBC web genres (Editorials, DIY Mini-Guides, 
Short Biographies, Feature Articles). The dataset consists of 2,480 texts, annotated 
by the author of the research.

The I-EN-Sample and I-RU-Sample (Sharoff, 2010) datasets consist of 250 texts, 
annotated with the Functional Genre Classification schema. The schema consists 
of 7 macro-genres: Discussion, Information, Instruction, Propaganda, Recreation, 
Regulation, and Reporting. They are defined solely based on the function or the pur-
pose of the document and the 7 of them should be able to cover all the texts on the 
web. The novelty of this approach lies in the fact that the schema aims for a high 
coverage with a low granularity by using broad functional categories. The dataset 
was collected based on the results of random queries made to a search engine.

The CORE dataset (Egbert et al., 2015) is the result of one of the most extensive 
works on the genre schema and annotation process. The CORE schema was con-
structed following the bottom-up approach, where the end web users were asked to 
provide situational characteristics of web texts that would be relevant for them. The 

Fig. 5   The CORE schema as it is used in the CORE dataset (Egbert et al., 2015). The figure was created 
based on the information that was provided to us by the dataset authors
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initial schema was then improved based on a series of 10 pilot studies. The final 
schema as it is used in the dataset which is available online consists of 8 higher-level 
categories that cover the situational characteristics or functions of texts and 47 spe-
cific subcategories. The schema is shown in Fig. 5. A slightly modified schema with 
a smaller set of categories was used for annotation of Finnish (Laippala et al., 2019; 
Skantsi & Laippala, 2023), French and Swedish (Laippala et al., 2020; Repo et al., 
2021) datasets, for which the detailed guidelines are available.4 For the purposes of 
evaluation of a genre classifier model, 8 more datasets were recently annotated with 
CORE labels: an Indonesian dataset of around 1,000 texts, and 7 smaller evaluation 
datasets of 92 to 334 texts for Arabic, Catalan, Chinese, Hindi, Portuguese, Spanish 
and Urdu (see Laippala et al. (2022b)).

The CORE corpus consists of web texts that were extracted from the “General” 
part of the Corpus of Global Web-based English (GloWbE) (Davies & Fuchs, 2015). 
The GloWbE corpus was collected via Google searches with high frequency English 
3-grams as the queries (Davies & Fuchs, 2015). The texts were then annotated via 
crowd-sourcing with 908 participants, where each text was annotated by 4 annota-
tors. Despite leading the annotators through the decision process with a decision-
tree survey, the inter-annotator agreement was shown to be low (see Sect.  4.2 for 
more details). The instances where there was no majority agreement on one label are 
annotated with multiple labels. The size of the dataset, as reported by the authors, 
is 53,000 texts, however, the dataset that is available online contains 48,420 texts. 
The dataset was used in further studies which provide a detailed analysis of linguis-
tic characteristics of the CORE genres (Biber & Egbert, 2018), analyse the role of 
lexical and grammatical features in the performance and stability of genre classifiers 
(Laippala et al., 2021), or experiment with automatic genre classification (Ronnqvist 
et al., 2021; Repo et al., 2021).

The Slovene Genre Identification Corpus (GINCO) (Kuzman et al., 2022b) con-
sists of 1,002 texts and uses a schema that is based on the subcategory level of the 
CORE schema, but also on other high-coverage schemata. In contrast to the CORE 

Fig. 6   The GINCO schema

4  The guidelines for the annotation with the CORE schema are available here: https://​turku​nlp.​org/​regis​
ter-​annot​ation-​docs.
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schema, it is not hierarchical and it has a lower granularity of categories to improve 
the inter-annotator agreement. The schema, shown in Fig. 6, consists of 23 specific 
genre categories and the category Other, dedicated to texts which do not fall into 
any other label. To alleviate the annotation, the genre categories were presented in 
category groups. The dataset was annotated by 2 expert annotators. They followed a 
multi-labelling approach where texts can be annotated with up to three genre labels. 
In this setting, the primary label is deemed to be the one that is most prevalent and 
the one that is used for single-label text classification, whereas the secondary and 
tertiary labels provide additional information on the fuzziness of the text, and the 
three levels can be used for multi-label classification. Extensive guidelines are avail-
able.5 The dataset is a crawled corpus, as it is randomly sampled from two Slove-
nian web corpora from different time periods – the slWaC 2.0 corpus (Erjavec & 
Ljubešić, 2014) from 2014 and the MaCoCu-sl 1.0 corpus from a 2021 crawl (Bañón 
et  al., 2022b). To be representative of the conditions on the web, it also includes 
noise, that is, a subset of “not suitable” texts, such as non-textual documents and 
automatically generated documents, multi-genre documents and other web-specific 
challenges.

The Functional Text Dimensions (FTD) dataset (Sharoff, 2018) in English and 
Russian follows another approach, introducing 18 Functional Text Dimensions 
(FTDs). As stated by the authors, the novelty of this approach is that “[u]nlike the 
traditional approach to designing genre lists or hierarchies in which texts need to 
be members of the respective classes, the FTD approach to detecting the genre of 
annotated texts is based on their similarity to prototypes, which is measured as dis-
tance in the FTD space” (Sharoff, 2018). The schema is a set of broad functional 
categories instead of specific labels, so that a text can be described through a com-
bination of multiple labels, which could be regarded as parameters. By providing a 
possibility of assigning multiple labels to a text, the schema also deals with hybrid 
texts. In this approach, annotators define the presence of each dimension on a scale 
from 0 to 2, representing the distance of the text from the prototypical texts based 
on presence or absence of text features, typical for the genre class. As shown in 
Fig. 7, the schema consists of 12 principal categories, which means that a text needs 
to be given a non-zero score in at least one of them, and 6 additional categories, 
which describe additional variation between texts. While the principal categories 

Fig. 7   The FTD schema

5  The guidelines for annotation with the GINCO schema are available here: https://​tajak​uzman.​github.​io/​
GINCO-​Genre-​Annot​ation-​Guide​lines/.
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differentiate texts based on their function, additional categories provide information 
on other textual characteristics, for instance, on the stylistic differences, such as is 
the case of category informal, used for texts, written in informal language.

The FTD dataset consists of texts from multiple sources: the Pentaglossal corpus 
(5 g) (Forsyth & Sharoff, 2014), which consists of Russian and English texts with 
known origin (fiction, corporate communication, political debates, TED talks, UN 
reports, etc.), and a random selection of texts from the ukWac web corpus (Baroni 
et  al., 2009) and the Russian GICR web corpus (Piperski et  al., 2013). The FTD 
schema was extended to Arabic (Bulygin & Sharoff, 2018), a smaller set of FTDs 
was used for annotation experiments of additional English datasets (Suchomel, 
2020), and a modified schema, consisting of 10 FTD labels, was used for annota-
tion of a large Russian corpus, the LiveJournal dataset (Lepekhin & Sharoff, 2022). 
Guidelines for annotation are available.6

4.3.2 � Information retrieval datasets

Information retrieval datasets were created with the aim to provide genre identifica-
tion inside the search engine, so that the users would be able to find the texts more 
efficiently based on genre criteria. Thus, their schemata consist of categories that are 
deemed to be useful for the search engine users.

The Genre-KI-04 (Eissen & Stein, 2004) dataset consists of 1,239 HTML files, 
annotated with a schema of 8 categories, devised based on a survey on genre useful-
ness (bottom-up approach). The schema consists of the following labels: Help, Arti-
cle, Discussion, Shop, Portrayal (non-priv), Portrayal (priv), Link Collection and 
Download. Recently, the schema was used by Agrawal et al. (2019) for assessing the 
credibility of web pages.

The 7-Web Genre Collection (Santini, 2007), in some works also referenced 
as SANTINIS, consists of 1,400 texts. It is annotated with 7 genre labels that are 
exclusive to the web: Blog, e-Shop, FAQs, Online Newspaper Front Page, List, Per-
sonal Home Page, and Search Page. The dataset, consisting of 200 instances of each 
genre, was manually collected by the author of the research, following the criteria of 
“annotation by objective sources”.

The 20-Genre Collection (MGC) (Vidulin et  al., 2007) consists of 1,539 texts. 
They are classified into 20 genres: Blog, Childrens’, Commercial/Promotional, 
Community, Content Delivery, Entertainment, Error message, FAQ, Gateway, Index, 
Informative, Journalistic, Official, Personal, Poetry, Pornographic, Prose fiction, 
Scientific, Shopping, and User Input. As the aim of the research was to construct 
a genre classifier which would identify genres within a search engine, the schema 
includes categories which would be of interest to the search engine users or which 
the users would want to filter out, e.g., the Error message. Based on the collection 
method, the corpus has both characteristics of a designed as well as a random cor-
pus: first, instances were retrieved based on the searches made to the Google search 

6  Guidelines for annotation with the FTD schema are available here https://​github.​com/​sshar​off/​genre-​
keras/​blob/​master/​annot-​v4.​md.
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engine using popular keywords. Secondly, the collection was enlarged by adding 
random web pages, and finally, instances of less frequent genre categories were 
manually collected to obtain a balanced corpus. The collection was one of the firsts 
that opted for the multi-labelling approach. Recently, the schema was transformed 
into a hierarchical set of categories, which was shown to improve the automatic 
genre prediction (Madjarov et al., 2019).

4.3.3 � Other datasets

The Leeds Web Genre Corpus (Asheghi et al., 2016) is one of the largest English 
genre datasets, consisting of almost 5,000 texts. The dataset consists of two subcor-
pora, created with the aim of evaluating the proposed method for manual annotation: 
a balanced, manually collected subcorpus, and a random subcorpus, collected based 
on the automated queries made to a search engine. The balanced subcorpus was 
used to test the reliability of the manual annotation on a more controlled set of texts, 
and then the annotation campaign was extended to the random subcorpus to test the 
method in realistic conditions. The authors devised their own schema, constructed 
following the top-down approach, starting from the Genre-KI-04 schema (Eissen & 
Stein, 2004). The schema consists of 20 specific genres, i.e., Personal Homepage, 
Company/Business Homepage, Educational Organizational Homepage, Personal 
Blog/Diary, Online Shops, Instruction/How to, Recipe, News Article, Editorial, 
Conversational Forum, Biography, Frequently Asked Questions, Review, Interview, 
Story, Dictionary/Thesaurus Entries, Link Lists or Directories of Links, Song Lyr-
ics, Quotes and Encyclopedic Articles. The categories were shown to be able to 
cover 74% of the texts in the Leeds Corpus, while the remaining were annotated 
with the category Other. Despite the fact that the introduction of the category Other 
allows classification of any web text with the Leeds schema, the authors state that 
their main focus was not on “completeness of the genre inventory but on genre anno-
tation methodology”. Since the authors note that the aim behind the construction of 
the dataset and the corresponding schema is not to provide a high-coverage schema, 
but to analyse genre annotation, we do not include the Leeds Web Genre Corpus 
under high-coverage collections, but rather describe it separately. The dataset was 
annotated via crowd-sourcing where each text was annotated by 5 participants. The 
annotation campaign was shown to be successful and a high inter-annotator agree-
ment was reported, with the percentage agreement of 88% and Fleiss’ kappa (Fleiss, 
1971) of 0.87 on the balanced subcorpus, and the percentage agreement of 78% and 
Fleiss’ kappa of 0.71 on the random subcorpus.

5 � Automatic genre identification

Genre researchers used various technologies for automatic genre identification, 
mostly depending on the state-of-the-art of machine learning algorithms at the time 
of research. In the past, support vector machines (SVMs) were most frequently used 
(Rezapour Asheghi, 2015; Laippala et al., 2017, 2021; Sharoff et al., 2010; Pritsos 
& Stamatatos, 2018; Petrenz & Webber, 2011), as it was shown that they are very 
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suitable for text categorization (Joachims, 1998). Other methods, previously used 
for genre classification, are the discriminant analysis (Feldman et al., 2009; Biber & 
Egbert, 2015) which is the earliest method that was applied to this task (Karlgren & 
Cutting, 1994), decision tree classifiers, more specifically the C4.5 algorithm (Finn 
& Kushmerick, 2006; Dewdney et  al., 2001), Naive Bayes algorithm (Feldman 
et al., 2009; Priyatam et al., 2013) and graph-based models using hyper-link connec-
tions between web pages (Asheghi et al., 2014; Zhu et al., 2011). In recent studies, 
SVMs were used to obtain an insight into which feature sets are most relevant for 
genre identification (Laippala et al., 2021; Sharoff et al., 2010; Pritsos & Stamatatos, 
2018; Asheghi et al., 2014). As noted by Laippala et al. (2021), it is very valuable to 
include linguistic analyses into the research to “not only achieve high performance 
but also to guarantee the validity of the results”. For these further analyses, linear 
support vector machines were shown to be an appropriate choice.

Genre researchers experimented with various feature sets, e.g., bag-of-words, 
consisting of lexical features (words, word or character n-grams) and/or grammati-
cal features (part-of-speech tags) (Sharoff, 2021; Laippala et  al., 2021), punctua-
tion, text statistics (Finn & Kushmerick, 2006), visual features of HTML web pages, 
such as HTML tags and images (Lim et  al., 2005; Levering et  al., 2008; Maeda 
& Hayashi, 2009), and URLs of web documents (Abramson & Aha, 2012; Jebari, 
2014; Priyatam et al., 2013). However, results revealed that the discriminative fea-
tures vary across studies and datasets, as well as across genre classes (see Laippala 
et  al. (2021)). Nevertheless, multiple studies showed that lexical features describe 
genres better than grammatical ones, which was based on the comparison of lexical 
features and part-of-speech tags (Pritsos & Stamatatos, 2018; Laippala et al., 2021; 
Sharoff et al., 2010). Thus, when recent studies performed machine learning experi-
ments with symbolic classifiers, that is, classifiers which are explainable and non-
neural, they most commonly used lexical features – character and/or word n-grams 
(Pritsos & Stamatatos, 2018; Bulygin & Sharoff, 2018; Lepekhin & Sharoff, 2022) 
or a combination of lexical and grammatical features (Asheghi et al., 2014; Laippala 
et al., 2021). The latter was shown to provide better results than training on lexical 
information alone and to assure more stable models, that is, models which are capa-
ble of generalizing beyond the training data (see Laippala et al. (2021)). Recently, 
Kuzman and Ljubešić (2022) analysed the impact of using yet another type of gram-
matical features, namely syntactic dependencies, and showed that this textual repre-
sentation is able to capture genre information better than lexical and part-of-speech 
features. In addition to this, when trained on syntactic dependencies, the classifica-
tion model learns the structure of the sentences instead of word meanings, which 
quite likely assures that the prediction is not topic-dependent. This assumption, 
however, has not been proven yet.

Recent developments in NLP shifted the focus to neural networks due to sig-
nificant improvements on all fronts. Researchers experimented with deep as 
well as shallow neural networks and found that for this task, the linear fastText 
(Joulin et  al., 2017) model, which is a shallow neural model, is comparable to 
convolutional neural networks (CNN) with pre-trained word embeddings, while 
being computationally more efficient (see Laippala et al. (2019)). Furthermore, it 
was shown that the fastText model outperforms traditional methods, i.e., SVMs, 
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decision trees, random forest classifiers, logistic regression classifiers and the 
Naive Bayes classifier at this task (Kuzman & Ljubešić, 2022).

Recently developed Transformer-based pre-trained language models led to 
a significant breakthrough in this field. Repo et  al. (2021) and Kuzman et  al. 
(2022b) showed that these deep learning models can achieve strong performance 
on small amount of training data, and, what is even more, they can reach around 
30 points higher micro and macro F1 scores than the previous best model, fastText 
(see Kuzman et  al. (2022b)). One likely reason for such drastic improvements 
obtained through the Transformer models in comparison to previous methods 
could be the fact that Transformer text representations incorporate information on 
syntax as well, which was shown to be very informative for genre classification 
(Kuzman and Ljubešić (2022)). Moreover, the models are capable of good lev-
els of cross-lingual transfer. This was demonstrated when zero-shot cross-lingual 
experiments were performed by learning on a large English CORE dataset and 
testing on smaller datasets in Finnish, French, and Swedish (Repo et al., 2021). 
The cross-lingual experiments resulted in F1 scores between 0.61 and 0.69, while 
the results of training and testing the classifier on the same datasets in a mono-
lingual setting range between 0.73 and 0.83 F1 (see Table  4). This was further 
researched by Ronnqvist et al. (2021) who showed that by combining all the four 
CORE datasets into a multilingual dataset, the performance is further improved, 
reaching micro F1 scores between 0.72 and 0.84. The multilingual classifier also 
achieved better zero-shot performance, as the classifier trained on three of the 
datasets and tested on the fourth reached micro F1 scores between 0.63 and 0.80. 
The highest scores were achieved with the multilingual XLM-RoBERTa model 
(Conneau et al., 2020) which outperformed other multilingual pre-trained Trans-
former language models in multiple genre studies (Ronnqvist et al., 2021; Repo 
et al., 2021; Kuzman & Pollak, 2022a). Furthermore, the XLM-RoBERTa model 
was revealed to be comparable (Kuzman et  al., 2022b) or better (Repo et  al., 
2021) than monolingual models. This is in contrast to other NLP tasks, where the 
monolingual models were shown to outperform the multilingual models (Ulčar 
et al., 2021).

In addition to choosing the optimal features and machine learning algorithms to 
achieve good classification performance, genre researchers need to tackle additional 
genre-specific challenges, such as handling noise, i.e., texts which do not fit under 
any of the categories, and dealing with hybrid texts by performing multi-label or 
span-based classification. Handling noise was researched by Pritsos and Stamata-
tos (2018), and regarding the hybrid texts, Santini (2006) proposed a new method 
of multi-label classification: classifying texts by applying several classification 
models on them, trained on different genre datasets with different genre schemata. 
Recently, multi-label classification was also taken up by Madjarov et al. (2019), who 
performed multi-label classification and hierarchical multi-label classification using 
Predictive Clustering Trees (PCTs), Sharoff (2021), who used a Bi-directional Long 
Short-Term Memory (BiLSTM) classifier (Yogatama et  al., 2017), by Ronnqvist 
et  al. (2021), who used multilingual Transformer models for cross-lingual multi-
label classification experiments, and Laippala et al. (2022a) who used a monolingual 
Transformer model for multi-label classification experiments.
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Another challenge for genre identification is assuring stability of the trained mod-
els. If the genre-annotated dataset is not general enough, the models could learn 
to classify texts based on other characteristics that are common to the texts of one 
class, such as the topic, instead of genre characteristics, and would not be able to 
generalize beyond the dataset (Sharoff et  al., 2010). Petrenz and Webber (2011) 
assessed the stability of various machine learning methods by analysing their perfor-
mance across changes in topic-genre distribution and advised that “stability should 
join accuracy as a criterion for assessing any new developments in genre classifi-
cation”. This was further explored by Laippala et  al. (2021) who analysed which 
features provide the most stable SVM models. Since the advent of deep neural mod-
els, exploration of their stability has been tightly connected with research on their 
explainability, as the models act as black boxes. Thus, to explore which genres are 
more affected by topical biases, Lepekhin and Sharoff (2021) performed adversarial 
attacks on Transformer models, and Ronnqvist et al. (2022) introduced an Integrated 
Gradients input attribution method to achieve stable explanations of genre predic-
tions based on keyword lists. The issue of topical shift which impacts the perfor-
mance of the models was recently addressed by Lepekhin and Sharoff (2022) who 
performed experiments on two genre-annotated datasets with different genre distri-
bution. The results showed that training the Transformer models on multiple datasets 
improves the performance. In addition to that, they experimented with ensembles of 
a monolingual Russian RuBERT (Kuratov & Arkhipov, 2019) model, multilingual 
XLM-RoBERTa (Conneau et al., 2020) and the Logistic Regression classifier and 
showed that ensembles of pre-trained models mostly outperform single Transformer 
models.

As genre-annotated datasets were created with different end goals and as no refer-
ence genre-annotated dataset exists, previous machine learning experiments focus-
ing on automatic genre identification are “self-contained, and corpus-dependent” 
(Rehm et al., 2008). In addition to using different datasets, genre classes, classifi-
cation algorithms and feature sets, researchers reported performance of the mod-
els with different metrics, making comparison between the experiments impossible. 
The last comparison of genre-annotated datasets based on AGI experiments was 
published by Sharoff et al. (2010) who compared most of the relevant genre data-
sets that existed at the time of research: the Hierarchical genre collection (Stubbe & 
Ringlstetter, 2007), the I-EN-Sample (Sharoff, 2010), Genre-KI-04 (Eissen & Stein, 

Table 3   Accuracy obtained on 
the best-performing feature (for 
each of the datasets), reported in 
the experiments with the SVM 
(Sharoff et al., 2010)

Dataset Accuracy

7-Web Genre Collection (Santini, 2007) 97.14
Genre-KI-04 (Eissen & Stein, 2004) 85.81
Hierarchical genre collection (Stubbe & Ringlstetter, 

2007)
65.72

KRYS I (Berninger et al., 2008) 62.02
I-EN-Sample (Sharoff, 2010) 60.40
20-Genre Collection (Vidulin et al., 2007) 56.45
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2004), the KRYS I (Berninger et al., 2008) dataset, the 20-Genre Collection (Vidu-
lin et al., 2007) and the 7-Web Genre Collection (Santini, 2007) dataset. They used 
a linear SVM model, and the part-of-speech n-grams, character and word n-grams 
as the features. The results that were obtained on the best-performing feature set, 
shown in Table 3, show very high results obtained by the classifiers trained on the 
7-Web Genre Collection or the Genre-KI-04 dataset. While they performed with 
accuracy over 85, the results for classifiers trained on other datasets ranged between 
56 to 66 in terms of accuracy. The worst results were obtained on the 20-Genre Col-
lection. Despite the high results of some of the classifiers, the authors noted that 
“these impressive results might not be transferable to the wider web” due to the fact 
that the collections are not comparable between each other even on similar catego-
ries, that they are lacking in representativeness and that the annotations either can-
not be tested for reliability or were revealed to not be sufficiently reliable. This was 
confirmed via cross-dataset experiments, that is, by testing the classifiers on all other 
compared datasets. There, the scores for accuracy were mostly below 40.

The results from the machine learning experiments on the genre datasets that 
were developed since then are reported in Table  4. The reported results give the 
reader a feel of the current state-of-the-art performance of genre classifiers on the 
datasets, however, as the experiments are corpus- and technology-dependent, the 
results are hardly comparable. Furthermore, as can be seen from Table 4, most of 
the experiments used only a subset of labels from their high-coverage schemata, and 
thus the results do not show the trained classifiers’ capacity of identifying genres 
in the entire dataset. Thus, to be able to compare the suitability of genre datasets 
for automatic genre identification, a study is needed which would include all of the 
datasets.

First step towards comparing recent genre datasets was made by Kuzman and 
Pollak (2022a) who explored the comparability of the Slovene GINCO dataset 
(Kuzman et al., 2022b) and the English CORE dataset (Egbert et al., 2015). They 
mapped the original GINCO categories and CORE subcategories to a joint schema 
and performed cross-dataset experiments. As the datasets are in different languages, 
the experiments were cross-lingual at the same time. The experiments showed that 
the datasets are comparable enough to allow cross-dataset and cross-lingual trans-
fer, reaching micro and macro F1 scores between 0.60−0.64 and 0.52−0.66. For 
comparison, the in-dataset results ranged between 0.78−0.81 in micro F1 and 0.73−
0.84 in macro F1 for GINCO, and reached 0.77 micro F1 and 0.72 macro F1 for 
CORE. The results are comparable to the cross-lingual experiments, performed by 
Repo et al. (2021) on the English, Swedish, French and Finnish datasets, annotated 
with the CORE schema. Both studies also revealed that despite the fact that the 
CORE dataset has up to 40-times more instances than other compared datasets, the 
difference in size does not result in significantly better results. This might indicate 
that the pre-training of Transformer models gives such informative representations 
that Transformer models reach high results already after a few thousand instances 
observed, and adding tens of thousands of instances to the training does not sig-
nificantly improve the results. This hypothesis is supported by recent experiments on 
the CORE dataset, which showed that the learning curve of a Transformer language 
model started flattening already after using 30% of training data (around 10,000 
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texts) (Laippala et al., 2022a). In addition, the study revealed that the beginning of 
the document is the most informative part for genre prediction, which means that the 
Transformer models are potent enough to only need a short part of a text to recog-
nize a genre.

Another theory could be that the CORE dataset is less suitable for the automatic 
genre identification, since the reported low inter-annotation agreement (Egbert et al., 
2015; Sharoff, 2018) could mean that there is more noise in the data. However, as 
performance of genre classifiers was often improved by training on multiple data-
sets (Lepekhin & Sharoff, 2022; Ronnqvist et al., 2021), the next step could be to 
experiment with training a classifier on the combination of GINCO and CORE, 
since they were shown to be comparable. The described research explored compa-
rability to some extent, but it should be noted that since the labels vary significantly 
in terms of granularity, the joint schema did not cover all of the CORE and GINCO 
labels. In addition to this, the experiments were single-label. Thus, texts belonging 
to discarded labels, and CORE texts annotated with more than one class were not 
used in the experiments. This means that the comparison was performed on reduced 
datasets.

Classification experiments based on a joint schema seem hardly possible with-
out any interventions to the data due to many differences between most relevant 
high-coverage datasets: the CORE (Egbert et  al., 2015), FTD (Sharoff, 2018) and 
GINCO (Kuzman et  al., 2022b) datasets. The FTD dataset is annotated using the 
dimensional and not categorical approach, meaning that the texts are annotated with 
multiple labels. Similarly, the CORE corpus is annotated with two levels of catego-
ries, main categories and subcategories, where some texts belong to multiple main 
categories, multiple subcategories or to no subcategory at all. This further compli-
cates mapping to a joint schema, and requires multi-label experiments. However, an 
analysis of the real usefulness of the datasets and their schemata for classification 
applied to new data would be very beneficial to the community. To this end, an indi-
rect comparison via downstream evaluation could be performed, either on samples 
of various web corpora, or on whole web corpora. Each of the datasets could be 
used to train a separate classifier, using the original schema. The classifiers would 
be applied to the sample, or the whole corpus. The sample could be used for esti-
mating the accuracy and usefulness of the predictions directly by human annotators, 
while the whole annotated corpus could be used in various extrinsic evaluations, and 
evaluated on the target task.

Despite the challenges in automatic genre identification that still exist, the recent 
technology breakthrough has allowed creation of Transformer-based genre classi-
fiers which can already be applied to large new datasets in numerous languages. 
Recently, Laippala et  al. (2022b) published the Register Oscar dataset, consisting 
of 351 million documents in 14 languages to which genre labels were automatically 
assigned. The dataset was created by applying the multilingual genre classifier (Ron-
nqvist et al., 2021) on the OSCAR datasets (Suárez et al., 2019). The classifier is 
trained on the CORE datasets and uses the 8 main CORE labels. The zero-shot clas-
sification was evaluated based on annotated datasets in eight new languages (Arabic, 
Catalan, Chinese, Hindi, Indonesian, Portuguese, Spanish and Urdu). The results 
for the new languages were promising, ranging between 0.58 and 0.82 F1 scores. 
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Similarly, the genre classifier based on the GINCO dataset (Kuzman et al., 2022b) 
is planned to be applied to massive monolingual and parallel web corpora, produced 
for 10 under-resourced European languages in the scope of the MaCoCu project 
(Bañón et  al., 2022a). The MaCoCu corpora, automatically annotated with genre 
labels, are reported to be released in 2023.7 As opposed to genre datasets, presented 
in Sect. 4, which were manually annotated with genre classes and used as the basis 
for training AGI classifiers, the Register Oscar and MaCoCu datasets are automati-
cally annotated with genre classes and are ones of the first results of applying genre 
classifiers on unseen collections of texts.

6 � Conclusion

This survey presents an exhaustive overview of previous research on automatic 
genre identification. Thereby, it uncovers numerous challenges of the task and the 
approaches to dealing with them, further explained in the following paragraphs: 

1.	 Lack of consensus on the main concepts, connected with the automatic genre iden-
tification, leading to a proliferation of competing genre schemata and approaches.

2.	 Existence of hybrid texts and multi-text documents in web datasets, related to the 
limited control over the content creation and collection of web texts, which pose 
challenges for manual annotation and automatic classification.

3.	 Lack of comparability between existing genre datasets, aggravated by the fact that 
they are hard to find or have ceased to be available.

4.	 Challenges, connected with assuring stability of genre classifiers and their good 
performance also in out-of-domain scenarios, so that the classifiers are not data-
set-dependent.

The first challenge is that there exists no consensus on the term that should be used 
for this phenomenon, on the definition of the concept itself, and on the set of labels 
to be included into the schema to assure high coverage, reliable annotation and good 
classification results. As researchers define genres differently and perform research 
on them with different aims, they use very different genre schemata. We analysed 16 
of them and showed that out of 177 labels only 48 labels are used in more than one 
schema.

Secondly, the reliability of genre datasets and consequently also the results of 
automatic genre identification can be negatively impacted by the fundamental diffi-
culties connected with the genre notion itself. During annotation and machine learn-
ing experiments, researchers need to deal with hybrid texts, i.e., texts which have 
features of multiple genres, texts without any discernible purpose or features, and 
documents that consist of multiple texts, such as a letter, posted as a part of a blog. 
On the web, writers are not constrained to following genre norms, thus, the texts 

7  https://​macocu.​eu/
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vary significantly in regard of their genre prototypicality. These difficulties contrib-
uted to rather low inter-annotator agreement in some of the annotation campaigns, 
resulting in genre datasets with questionable reliability.

Thirdly, the last review of existing genre datasets, published in 2010 (see Sharoff 
et al. (2010)), exposed the lack of comparability, representativeness and reliability 
of existing genre datasets, and highlighted a need for further research on AGI. They 
called for efforts to develop a large reference corpus, collected from a diverse range 
of sources, and with a genre schema which would allow for reliable annotation. At 
that time, genre datasets almost exclusively contained only English documents, thus, 
the authors also urged for a creation of datasets in other languages, which would 
enable cross-lingual automatic genre identification. Our paper is the first work that 
surveys the research on automatic genre identification that was done in the last 12 
years, describing that research in the context of the older work as well.

In this period, the technological progress delivered crawling tools which enable 
fast collection of thousands, or even millions of texts from the web, assuring repre-
sentativeness of the datasets. Secondly, the researchers benefited from the advent of 
crowd-sourcing platforms, which allow quick and relatively inexpensive annotation 
of tens of thousands of texts. And finally, recently developed deep neural machine 
learning technologies relying on self-supervision, such as the Transformer language 
models, were shown to be able to classify genres drastically better than any previ-
ous technology, even when trained on only a thousand of texts. Furthermore, the 
models were revealed to achieve good results on cross-lingual genre classification 
which opens the doors to empowering a multitude of languages with the benefits of 
automatic genre identification.

While early genre datasets mostly focused on a small set of specific labels, 
recently, numerous datasets were developed with schemata which aim to cover the 
entire genre composition of the web, which is the first step to providing a general 
dataset with labels that could be applied to any corpus. Such schemata are the FTD 
schema (Sharoff, 2018), based on which English, Russian and Arabic genre data-
sets were created, and the CORE schema (Egbert et  al., 2015) which served as a 
basis for English, Finnish, French, Swedish, Slovene and other datasets. These data-
sets addressed the lack of representativeness, comparability and reliability that was 
observed for earlier genre collections.

While recently many new genre-annotated datasets emerged, previous datasets 
ceased to be available. This paper is the first to provide an extensive list of all avail-
able genre datasets with information on where to access them. Despite a recent posi-
tive trend of publishing genre datasets, the majority of datasets were hard to find. 
They are not published in a certified repository which would assure reliable long-
term archiving. This should be addressed by the community to assure that the data-
sets are available even 10 years after the research was published. In addition to this, 
to facilitate further advances in this field, researchers should strive to also publish 
the code used in their AGI experiments, to make the research reproducible and open.

Recent emergence of multiple high-coverage datasets in various languages has 
been an important step towards developing a genre classifier which could be applied 
to any dataset in multiple languages. Recent research (Ronnqvist et  al., 2021; 
Lepekhin & Sharoff, 2022) achieved very promising results by training Transformer 
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models on multiple datasets joined together. Thus, the key to a general cross-lingual 
genre identifier could lay in merging comparable high-coverage datasets. By train-
ing a model on multiple datasets, it would be less prone to topical and other biases, 
which would assure its stability. To be able to merge the high-coverage datasets, 
i.e., the CORE dataset (Egbert et  al., 2015), the FTD dataset (Sharoff, 2018) and 
the GINCO dataset (Kuzman et al., 2022b), a cross-dataset analysis is necessary. To 
avoid interfering with the datasets and schemata, for each of the datasets, a separate 
Transformer model could be trained, using its original schema. Then each classi-
fier could be applied to all other high-coverage datasets. This would result in each 
text from each of the datasets being labelled three times: with a GINCO category, a 
CORE category and an FTD category. The quantitative analysis of the results would 
reveal comparability of the genre schemata. Moreover, it could be extended to an 
extrinsic evaluation to analyse the usability of assigned genre labels for the users. 
Based on this, two promising directions are possible: 1) merging the datasets into 
one based on a joint schema to obtain a more stable and potent genre classifier; or 2) 
instead of creating just one model and applying it on a dataset, texts could be auto-
matically annotated with predictions of all three classifiers, the GINCO-based, FTD-
based and CORE-based classifier, allowing the corpora users to choose the labels 
that are most relevant for their use case.

Development of general and stable genre classifiers is a first step to providing 
reliable automatic genre identification. However, as observed by previous work, the 
field needs more research that would address additional challenges related to this 
task, i.e., performing multi-label classification on hybrid texts, handling noise, and 
separating multiple texts in a multi-text document. Only then we will have classifiers 
that will be truly useful in realistic conditions on the web.
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2.5 Final Remarks

In this chapter, we identified gaps in prior work and outlined best practices for developing
high-coverage genre datasets and classifiers, based on the findings of the journal article
Automatic Genre Identification: A Survey (Kuzman & Ljubešić, 2023) that is enclosed in
Section 2.4. We identified several challenges related to the development of a genre schema,
manually-annotated genre datasets, and genre classifiers, which are addressed in this thesis.

First, our review of existing genre schemata and datasets showed that none can be
directly applied to our study. The existing high-coverage schemata provide a good starting
point, however, they have several limitations: too high label granularity that negatively
impacts the reliability of manual annotations, limited comparability across schemata that
prevents possible merging of multiple existing genre datasets; abstract label names that
may not be understood by end users; and closed label sets that do not account for instances
falling outside predefined categories. To address these issues, we set to develop a new genre
schema that overcomes the limitations of current high-coverage schemata. This schema
would be based on the existing schemata to allow for potential mapping between genre
schemata and integration of existing genre datasets into our machine learning experiments.
This is particularly important given the lack of comparability between datasets in previous
work, which has led to dataset-specific experiments and results that offer limited insight
into the robustness of the developed genre classifier, that is, its generalization capabilities
when applied to other datasets.

Second, no existing high-coverage dataset completely fulfills the requirements of our
study. We identified two freely-accessible genre dataset families that use high-coverage
schemata, namely the CORE (Egbert et al., 2015; Laippala et al., 2019; Laippala et al.,
2020; Repo et al., 2021; Skantsi & Laippala, 2023) and FTD datasets (Sharoff, 2018). How-
ever, neither includes Slovenian language which is one of the focuses of our study. Creating
a new manually-annotated dataset based on the CORE and FTD schemata would be chal-
lenging, as previous attempts to apply these schemata to new datasets have reported low
inter-annotator agreement. To ensure more reliable annotation, we aim to propose a new
genre schema and an improved annotation methodology. To ensure that the Slovenian
genre dataset represents real-world web texts well, we will follow best practices from pre-
vious work, including the extraction of random instances from web corpora and attention
to temporal diversity.

Third, although recent studies report strong performance of genre classifiers, they did
not publish the models. As a result, we have to develop our own genre classifiers. Fine-
tuned BERT-like Transformer-based models were shown to be the most promising machine
learning method to achieve a robust performance, that is, to achieve generalization across
datasets and languages. They will serve as our starting point to develop multilingual genre
classifiers that can be applied on Slovenian, English and other European languages. To
assess the generalization capabilities of the model, it should be evaluated in the cross-
dataset scenario where it is applied to different datasets. In order for this evaluation to be
feasible, a mapping across genre schemata needs to be developed that does not only take
into account the similarity of label names – it must be based on a deep understanding of
the involved datasets and their instances, since the same label names may be defined in
annotation guidelines differently and be therefore represented by very different texts.
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Chapter 3

Development of Robust Genre
Schemata and Datasets

The examination of prior research, presented in Chapter 2, indicates that although existing
genre schemata, datasets, and best practices offer a useful basis for our research on auto-
matic genre identification, they are not directly applicable to our study. Consequently, this
chapter outlines the development of novel genre schemata, manually-annotated datasets,
and genre classifiers as part of our goal to develop a robust multilingual genre classifier
that demonstrates high coverage when applied on web texts.

In this chapter, we address the following goals:

• Firstly, we fulfill Goal G1 “Develop a high-coverage genre schema that encompasses
the full spectrum of genre variation in web texts and ensures reliable manual anno-
tation with high inter-annotator agreement.” in Sections 3.1 and 3.2.1, in which we
present the GINCO and X-GENRE genre schemata.

• Secondly, we fulfill Goal G2 “Propose a novel methodology for manual genre anno-
tation that ensures high reliability based on a novel genre schema, detailed annota-
tion guidelines, and continuous training of expert annotators.” in Section 3.1.2, in
which we present the annotation campaign and annotation guidelines for the GINCO
schema. This allows us to test Hypothesis H1 : “Acceptable inter-annotator agreement
in genre identification annotation campaigns can be accomplished through a manual
annotation approach that is based on a well-designed genre schema, comprehensive
annotation guidelines, and employment of expert annotators.”, which is supported by
the results.

• Lastly, we fulfill the first part of Goal G3 “Develop a genre dataset for Slovenian,
which will be the first of its kind for this language, to enable training and evaluation
of machine learning models in automatic genre identification on Slovenian language.
Additionally, we will construct training datasets that include English, [...]”, as we
present in Sections 3.1.3 and 3.2.2 the Slovenian manually-annotated GINCO dataset
and the Slovenian-English manually-annotated X-GENRE dataset, respectively.

This chapter is organized as follows. In Section 3.1 we introduce the GINCO genre
schema (Section 3.1.1), propose a refined annotation methodology and develop compre-
hensive annotation guidelines (Section 3.1.2). Additionally, we create a new Slovenian
training dataset for automatic genre identification, named the GINCO dataset (Section
3.1.3). We conduct machine learning experiments to assess the suitability of the GINCO
schema and dataset for the development of genre classifiers, and conclude with sugges-
tions for further improvement of the proposed schema (Section 3.1.4). Second, in Section
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3.2 we explore the integration of the Slovenian GINCO dataset with pre-existing English
manually-annotated genre datasets. We propose a unified schema to facilitate the merging
of the schemata from the existing English datasets with the GINCO schema (Section 3.2.1),
resulting in the creation of a new Slovenian-English dataset (Section 3.2.2). Finally, we
compare the two newly proposed datasets with high-coverage genre datasets from previous
studies through in-dataset experiments, demonstrating that the newly developed multilin-
gual genre dataset provides superior training data for the development of genre classifiers
(Section 3.2.2).

3.1 The Slovenian GINCO Dataset with a Novel Genre
Schema and Annotation Guidelines

In Chapter 2, a key gap in the existing literature is identified: the absence of a manually-
annotated genre dataset that includes Slovenian, the language of interest in this study.
Therefore, such a dataset must be created from scratch. Given the limitations of existing
genre schemata and annotation approaches, discussed in Sections 2.1 and 2.2, it is necessary
to develop an improved genre schema and annotation guidelines. This will ensure that the
new manually-annotated dataset contains reliable annotations which enable its use for the
development and evaluation of genre classifiers.

This section introduces a novel genre schema, referred to as the GINCO schema (Sec-
tion 3.1.1), an annotation methodology designed to ensure high inter-annotator agreement
(Section 3.1.2), and a new Slovenian training dataset for automatic genre identification,
named the GINCO dataset (Section 3.1.3). Finally, in Section 3.1.4, multiple machine
learning models are applied to the GINCO dataset to evaluate its suitability as a training
and testing resource for genre classifiers, as well as to provide preliminary insights into the
models’ potential performance on this task in the Slovenian language.

This section is based on the accompanying paper “The GINCO Training Dataset for
Web Genre Identification of Documents Out in the Wild ” (Kuzman, Rupnik, et al., 2022).
For further details on the schema, dataset, methodology, experiments, and results, refer to
the paper that is enclosed in Section 3.1.5.

3.1.1 GINCO Genre Schema

In this section, we propose a new genre schema, addressing Goal G1 of this thesis, which
aims to develop a high-coverage genre schema that encompasses the full spectrum of genre
variation in web texts and ensures reliable manual annotation with high inter-annotator
agreement. A suitable schema is a crucial foundation for ensuring reliable manual anno-
tation and satisfactory performance of genre classifiers. When designing the schema, we
established the following criteria to be met:

• High-coverage: The label set should provide sufficient coverage to enable classification
of the majority of texts in a web collection under specific labels.

• Low granularity: It is important to maintain a limited number of labels, as increased
granularity can negatively affect both the reliability of manual annotations and the
performance of models.

• Intuitive label names: Our objective is for the final genre-annotated datasets to
be accessible to a wider audience, enabling users to filter data by genre and use
the resulting genre-specific datasets for machine learning applications or linguistic
research. Consequently, the proposed genre labels should be easily interpretable by
end users.
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The proposed schema, henceforth referred to as the GINCO schema, builds on previ-
ous genre schemata to ensure comparability with existing high-coverage schemata, and to
leverage insights from prior research. Specifically, to enable potential cross-lingual exper-
iments using the large manually-annotated English genre dataset CORE (Egbert et al.,
2015), our proposed schema is based on the subcategories of the CORE schema (Egbert
et al., 2015). The original CORE schema comprises approximately 50 subcategories, which
are in some cases highly similar and not delineated well, as noted by Biber and Egbert
(2018). Thus, as a first step, we merge similar CORE subcategories to decrease schema
granularity. Secondly, to increase schema coverage and improve comparability with other
schemata, we incorporate labels from additional schemata (Asheghi et al., 2016; Boese,
2005; Crowston et al., 2010; Laippala et al., 2020; Rehm et al., 2008; Roussinov et al.,
2001; Stubbe & Ringlstetter, 2007). When selecting additional labels, we avoid abstract
names in order to ensure that the final genre labels are easily understood by the general
public.

Figure 3.1: The GINCO genre schema.

The final GINCO schema, shown in Figure 3.1, consists of 24 labels – 23 specific
genre categories and an additional category Other. Following the best practices suggested
by Asheghi et al. (2016), the inclusion of the Other category addresses the limitation of
previous high-coverage genre schemata, which assume that all web texts can be classified
within a closed set of genre labels. This category is intended for texts that either lack
distinct genre characteristics or do not fit under any of the specific genre labels.

The GINCO genre categories are defined based on the purpose, conventional form, and
lexico-grammatical features typical of each genre. Detailed descriptions of the categories
are provided in the appendix of the paper by Kuzman, Rupnik, et al. (2022) in Section
3.1.5, and in the annotation guidelines (see Section 3.1.2).

3.1.2 Improved Annotation Methodology

A manual annotation campaign can be considered successful if the final annotations are
found to be reliable. Reliability is assessed through inter-annotator agreement, which
indicates whether the annotators share a common understanding of the labels. Previous
work has shown that achieving reliable manual annotation for the task of automatic genre
identification is very challenging (Egbert et al., 2015; Sharoff, 2018; Suchomel, 2020; Zu
Eissen & Stein, 2004). In response, we propose an improved annotation methodology to
ensure high annotation reliability, which corresponds to Goal G2 of this thesis.

The first step toward making the annotation task more manageable for annotators is
developing a genre schema with a reasonable granularity and clearly defined categories, as
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discussed in Section 3.1.1. In this section, we describe additional approaches implemented
to achieve acceptable inter-annotator agreement for this task, described in detail in the
accompanying paper by Kuzman, Rupnik, et al. (2022), enclosed in Section 3.1.5. The
main improvements to the annotation guidelines include the adoption of objective annota-
tion criteria, the creation of detailed guidelines supported by a decision tree to guide the
annotators through the decision process, and the involvement of expert annotators who
receive continuous training.

Figure 3.2: A subset of the GINCO annotation decision tree.

Firstly, to ensure a common understanding of genre labels, we dedicate considerable
effort to the development of comprehensive annotation guidelines. The guidelines con-
sist of two main components: (1) a decision tree, and (2) detailed descriptions of each
genre category. The decision tree, shown in Figure 3.2, assists annotators in navigating
the decision-making process through a series of questions and criteria. The descriptions
of genre categories, depicted in Figure 3.3, describe the purpose, text form, and typical
lexico-grammatical features, associated with each genre class. To further support anno-
tators, the guidelines provide multilingual examples and recommendations for addressing
challenging cases. The annotation guidelines are publicly accessible to facilitate future
manual annotation campaigns.1

Particular attention is given to ensuring that the criteria in both the decision tree and
label descriptions are as objective as possible. Unlike the FTD (Sharoff, 2018) genre an-
notation approach, which relies on “the impression the annotators obtained from reading
a text” (Sharoff, 2018), we instruct the annotators to base their decisions on the presence
of concrete lexico-grammatical features in the text. This approach prevents the annota-
tors from primarily relying on intuition or subjective judgment, which would compromise
annotation reliability and decrease inter-annotator agreement.

Finally, previous annotation campaigns, such as the CORE annotation approach (Eg-
bert et al., 2015), relied on crowd-sourcing, which presents specific limitations, including

1The GINCO annotation guidelines can be accessed at https://tajakuzman.github.io/
GINCO-Genre-Annotation-Guidelines/.

https://tajakuzman.github.io/GINCO-Genre-Annotation-Guidelines/
https://tajakuzman.github.io/GINCO-Genre-Annotation-Guidelines/
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restricted control over annotators and a lack of information regarding their reliability. In
contrast, we employ expert annotators, specifically two PhD candidates in computational
linguistics with a background in linguistics. They received initial training and continuous
guidance. The annotators regularly discussed hard cases and instances on which they ini-
tially disagreed in order to reach a shared understanding of the labels and to ensure final
annotations that are consistent and of high quality.

To assess the usefulness of the proposed GINCO schema and the improved annotation
methodology, we calculate inter-annotator agreement on the labels of the two annotators
assigned to the manually-annotated GINCO dataset prior to their discussions. Following
Krippendorff (2018), a nominal Krippendorff’s alpha of 0.667 is considered as the threshold
for acceptable agreement. In our study, the inter-annotator agreement reached a Krippen-
dorff’s alpha of 0.71, which is above the acceptable threshold. This indicates that the
proposed genre schema and annotation methodology enable reliable manual annotation
for genre identification. Furthermore, our approach offers improved annotation reliability
compared to the CORE schema (Egbert et al., 2015), for which a Krippendorff’s alpha of
0.53 across 56 subcategories and 0.66 for 8 main categories was reported (Sharoff, 2018).
These results are consistent with Hypothesis H1 : Acceptable inter-annotator agreement
in genre identification annotation campaigns can be accomplished through a manual anno-
tation approach that is based on a well-designed genre schema, comprehensive annotation
guidelines, and employment of expert annotators.

Figure 3.3: An example of a genre category description from the GINCO annotation
guidelines.
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3.1.3 Slovenian Manually-Annotated Dataset GINCO

The annotation campaign, presented in Section 3.1.2, is applied to a Slovenian text collec-
tion to develop the first Slovenian genre dataset, known as the Genre Identification Corpus
GINCO 1.0 (Kuzman et al., 2021). With this dataset, we accomplish the first part of Goal
G3 that focuses on the development of a genre dataset for the Slovenian language. To ad-
here to the principles of findability, accessibility, interoperability, and reusability (FAIR)
(Wilkinson et al., 2016) and ensure long-term availability, the GINCO dataset is made
publicly accessible via CLARIN.SI and Hugging Face data repositories.2

The development of the GINCO dataset involves two phases: the collection of repre-
sentative Slovenian text instances, and the manual annotation proposed in Section 3.1.2.
To construct the dataset, random samples of text instances are extracted from crawled
web corpora. This approach has been shown to produce datasets that more accurately
reflect real-world web content compared to manually collected designed corpora (Asheghi
et al., 2016). Particular care is taken to ensure that the dataset includes instances from
a wide range of sources covering diverse topics, in order to prevent potential biases in
genre classifiers trained on the dataset, which could be related to specific topics, authors,
or web domains. Accordingly, the GINCO dataset comprises samples from two Slovenian
web corpora collected during different time periods: 501 texts from the slWaC 2.0 corpus
(Erjavec & Ljubešić, 2014) from 2014, and 501 texts from the MaCoCu-sl 1.0 corpus from
2021 (Bañón, Esplà-Gomis, Forcada, Garcıéa-Romero, et al., 2022). The final GINCO
dataset consists of 1,002 Slovenian web texts, amounting to nearly 500,000 words. These
texts are manually-annotated with 24 genre categories according to the GINCO schema.
The dataset is divided into 602 training instances, 200 evaluation instances, and 200 test
instances, with the distribution of labels maintained consistently across these splits. Fur-
ther details on the GINCO dataset are provided in the paper by Kuzman, Rupnik, et al.
(2022), enclosed in Section 3.1.5.

3.1.4 Machine Learning Experiments on the GINCO Dataset

To evaluate the suitability of the GINCO dataset for automatic genre identification, we
use it as a training and test dataset in a series of machine learning experiments, involving
a shallow neural fastText model (Joulin et al., 2017), and two Transformer-based BERT-
like models: the monolingual Slovenian SloBERTa model (Ulčar & Robnik-Šikonja, 2021a,
2021b) and the multilingual XLM-RoBERTa model (Conneau et al., 2020). The set of
experiments is described in detail in the paper by Kuzman, Rupnik, et al. (2022) in Section
3.1.5.

Table 3.1: Performance of classifiers trained and evaluated on the GINCO dataset. Results
are reported in terms of micro-F1 and macro-F1 scores. The best scores for each metric
are marked in bold.

Model Micro-F1 Macro-F1
stratified dummy 0.067 0.061

fastText 0.361 ± 0.007 0.219 ± 0.013
XLM-RoBERTa 0.624 ± 0.015 0.579 ± 0.024

SloBERTa 0.629 ± 0.016 0.575 ± 0.037

As shown in Table 3.1, the fine-tuned Transformer-based language models achieve
2The GINCO dataset is accessible on the CLARIN.SI repository at http://hdl.handle.net/11356/1467

and on the Hugging Face repository at https://huggingface.co/datasets/cjvt/ginco.

http://hdl.handle.net/11356/1467
https://huggingface.co/datasets/cjvt/ginco
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micro-F1 scores between 0.62 and 0.63, and a macro-F1 of 0.58. We regard these re-
sults as promising given the small amount of training data. However, it should be noted
that some previous studies reported higher scores. Laippala et al. (2022) achieved a micro-
F1 of 0.68 using CORE subcategories on the CORE dataset (Egbert et al., 2015), while
Repo et al. (2021) reported F1 scores between 0.73 and 0.83 using fine-tuned BERT-like
models on the FinCORE (Laippala et al., 2019), FreCORE, SweCORE (Laippala et al.,
2020), and CORE (Egbert et al., 2015) datasets, using the seven main CORE labels (see
Section 2.3).

The analysis of label-level performance, detailed in the paper by Kuzman, Rupnik,
et al. (2022) in Section 3.1.5, suggests that further refinements of the schema might be
needed to boost model performance. To explore this, we experiment with reducing the
number of labels by merging related categories, resulting in a simplified schema with 12
genre labels.

Table 3.2: The effect of reducing the GINCO schema granularity on the SloBERTa model
performance. Statistical testing in each column is performed with the Mann-Whitney U
rank test with p-value encoded with asterisks: *** for p < 0.001, ** for p < 0.01, * for
p < 0.05.

Schema Micro-F1 Macro-F1
Initial GINCO schema 0.629 ± 0.016 0.575 ± 0.037

Simplified GINCO schema (12 labels) 0.696 ± 0.011 ∗∗∗ 0.668 ± 0.028 ∗∗∗

As shown in Table 3.2, the reduction in the schema granularity leads to a significant
improvement in the performance of the SloBERTa model, achieving a micro-F1 of 0.70
and a macro-F1 of 0.67. Following these promising results, further improvements to the
schema, particularly in terms of granularity, are explored in the following sections (see
Section 3.2).
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Jožef Stefan Institute

Jamova cesta 39, 1000 Ljubljana
taja.kuzman@ijs.si, peter.rupnik@ijs.si, nikola.ljubesic@ijs.si

Abstract
This paper presents a new training dataset for automatic genre identification GINCO, which is based on 1,125 crawled Slovenian
web documents that consist of 650,000 words. Each document was manually annotated for genre with a new annotation schema
that builds upon existing schemata, having primarily clarity of labels and inter-annotator agreement in mind. The dataset consists of
various challenges related to web-based data, such as machine translated content, encoding errors, multiple contents presented in one
document etc., enabling evaluation of classifiers in realistic conditions. The initial machine learning experiments on the dataset show
that (1) pre-Transformer models are drastically less able to model the phenomena, with macro F1 metrics ranging around 0.22, while
Transformer-based models achieve scores of around 0.58, and (2) multilingual Transformer models work as well on the task as the
monolingual models that were previously proven to be superior to multilingual models on standard NLP tasks.

Keywords: automatic genre identification, web genres, genre classification schema, web corpora, Slovenian language

1. Introduction
With the arrival of the Web, it has become significantly
easier to collect very large corpora that fuel innovation
and creation of advanced resources and language tech-
nologies. However, contrary to the traditionally col-
lected corpora, web corpora are built in an automated
way which limits the control over the contents that con-
stitute the final corpus (Baroni et al., 2009). One of
the post hoc evaluation methods to investigate the cor-
pus composition and quality, and to enrich the corpus
with important metadata is automatic genre identifi-
cation (AGI). This method focuses on genres as text
categories based on the author’s purpose, the socially
recognized function of a document and/or the conven-
tional patterns of form, following the definition by Or-
likowski and Yates (1994).
As this research is a part of the MaCoCu1 project that
aims to collect large corpora for under-resourced lan-
guages, our main purpose is to provide a classifier that
would efficiently identify genres in web corpora for
Slovenian and other languages, which would allow an
in-depth analysis of the quality and composition of the
newly provided corpora.
In addition to this, annotating the data with genre is
beneficial in many other areas where language tech-
nology can be improved by a more fine-grained docu-
ment typology, such as in part-of-speech tagging (Gies-
brecht and Evert, 2009), zero-shot dependency parsing
(Müller-Eberstein et al., 2021), automatic summariza-
tion (Stewart and Callan, 2009), and machine trans-
lation (Van der Wees et al., 2018). Furthermore, nu-
merous genre annotation studies have been conducted
with the aim of improving the Information Retrieval
(IR) tools (Stubbe and Ringlstetter, 2007; Zu Eissen

1https://macocu.eu/

and Stein, 2004; Vidulin et al., 2007; Roussinov et al.,
2001; Finn and Kushmerick, 2006; Boese, 2005).
Our contributions in this work are as follows. First,
we propose a new genre classification schema, based
on the previous schemata but modified with the goal of
1. using labels recognizable to the corpora users and
2. achieving high inter-annotator agreement, based on
considering lexico-grammatical characteristics in ad-
dition to the purpose and form of the text. Second,
we present the Genre Identification Corpus – GINCO
1.0 (Kuzman et al., 2021), a realistic dataset randomly
sampled from two Slovenian web corpora that also in-
cludes noise, multi-genre documents and other web-
specific challenges, enabling evaluation of classifiers
in realistic conditions. Finally, we perform machine
learning experiments over the new dataset and share
some interesting insights with the community.

2. Related work
Despite the considerable benefits of automatic genre
identification (AGI), no established classification exists
(Sharoff, 2010). The genre researchers are not consis-
tent in the use of terminology, and they refer to genres,
text types, functional text dimensions or registers in dif-
ferent ways (Sharoff, 2018; Egbert et al., 2015; Laip-
pala et al., 2021; Lee, 2002). Furthermore, there is no
consensus on the genre definition. Consequently, most
studies use their own genre schema, either hierarchical
(Stubbe and Ringlstetter, 2007; Egbert et al., 2015) or
not (Asheghi et al., 2016; Sharoff, 2018), and apply-
ing single (Santini, 2007; Sharoff, 2010) or multiple
label annotation (Vidulin et al., 2007; Laippala et al.,
2019). Schemata vary significantly regarding the num-
ber of classes as well, which range from seven (Santini,
2007; Sharoff, 2010; Lee and Myaeng, 2002) to more
than hundred (Roussinov et al., 2001) and almost 300
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classes (Crowston et al., 2010). Consequently, the an-
notated corpora are not comparable, and testing of the
similarity between them using cross-classification re-
sults in low accuracy (see Sharoff et al. (2010)).
Various approaches used to tackle genre identification
revealed the task to be challenging due to fundamen-
tal difficulties emanating from the genre notion itself.
Firstly, the conventions that characterise a genre cat-
egory are not fixed or static, and instances of genre
vary in their prototypicality (see Santini et al. (2010),
Santini (2006)). Secondly, web documents sometimes
display features of more than one genre, not fitting in
discrete classes (see Sharoff (2021) and Repo et al.
(2021)). Example of such hybrid texts is a promotion
of a product written in a form of a news article. Thirdly,
the purpose of the communication cannot always be
discerned (see Williams (2000)).
The schemata that serve as a basis of the most recent
genre identification studies are the schema of the Cor-
pus of Online Registers of English (CORE) (Egbert et
al., 2015) and the Functional Text Dimensions (FTD)
approach (Sharoff, 2018) for English and Russian. The
approaches were extended to cross-lingual genre clas-
sification experiments to eliminate the need for time-
consuming and expensive manual annotation of large
corpora in other languages. Bulygin and Sharoff (2018)
performed genre classification on an Arabic web cor-
pus using machine-translated English and Russian cor-
pora annotated with FTDs. Using smaller manually an-
notated Finnish, Swedish, and French corpora, Repo
et al. (2021) demonstrated that good levels of cross-
lingual transfer from the extensive English CORE cor-
pus to other languages can be achieved through a zero-
shot learning setting performed with the Transformer-
based pre-trained language models. Furthermore, the
research showed that these models can achieve strong
performance monolingually on small training data. A
subsequent study (Rönnqvist et al., 2021) further im-
proved the zero-shot results by performing zero-shot
classification with multilingual pre-trained language
models, trained on genre corpora in all four languages.

3. Dataset construction
3.1. Corpora
We performed genre annotation on two Slovenian web
corpora, crawled in different time periods, the slWaC
2.0 corpus (Erjavec and Ljubešić, 2014) from 2014
and the MaCoCu-sl 1.0 corpus from 2021 (Bañón et
al., 2022). The corpora were collected by crawling
the Slovenian top-level domain (TLD) .si, as well
as some generic-domain websites highly interlinked
with the national TLD. The two corpora have the same
structure, and were compiled and preprocessed using
the same machinery, i.e., the SpiderLing2 crawler (Su-
chomel and Pomikálek, 2012), the jusText3 tool for

2http://corpus.tools/wiki/SpiderLing
3http://corpus.tools/wiki/Justext

boilerplate removal (Pomikálek, 2011), and the onion4

tool for identifying duplicates (Pomikálek, 2011). In
these web corpora, we consider two paragraphs to be
near-duplicates if their intersection of word 5-grams
exceeds the 50% threshold. To circumvent spurious
topic-genre correlations, and to represent the distribu-
tion of genres on the Slovenian internet as closely as
possible, we used a random selection of texts.
Documents not deemed to be suitable for genre anno-
tation were labelled with the following Not Suitable
categories: Machine Translation, Generated Text, Not
Slovene, Encoding Issues, HTML Source Code, Boil-
erplate, Too Short/Incoherent, Too Long (longer than
5,000 words), Non-Textual (no full sentences, e.g., ta-
bles, lists), and Multiple Texts (multiple texts that can-
not be split). This preprocessing step resulted in the
“not suitable” part of the Genre Identification Corpus
GINCO, which contains 123 texts. Interestingly, al-
though the two Slovenian corpora were equally repre-
sented in the dataset, 89% of the unsuitable texts were
from the recently crawled corpus and are mostly Non-
textual, Machine Translation or Too Short/Incoherent,
which points to the conclusion that the quality of Slove-
nian web texts has deteriorated since the web crawl in
2014. Additionally, the documents that consisted of
multiple texts of different genres, where one text is fol-
lowed by another, so they can be separated, such as
news article, followed by comments, were split accord-
ingly into two or more texts. They were assigned IDs
that provide information on their origin and the order of
the texts, so that they can be further analysed or merged
back. At the end, the final dataset – the “suitable part”
of GINCO on which the annotation was performed –
consisted of 501 texts from the 2014 corpus and 501
texts from the 2021 corpus, i.e., 1002 texts in total.
While we did not perform any experiments in au-
tomating the splitting of documents containing mul-
tiple texts, our initial experiments in discriminating
between suitable and unsuitable texts showed for the
problem to be rather hard, achieving a macro F1 of
0.715, while the random baseline macro F1 is around
0.5. At this point, given the class imbalance (123 un-
suitable texts vs. 1002 suitable texts), more unsuitable
texts are classified as suitable than unsuitable, which
we consider not to be satisfactory. Both tasks – elimi-
nating noise from the web corpora and splitting docu-
ments containing texts of different genres – are kept for
future work.

3.2. Annotation schema
The construction of the annotation schema was based
on the following goals:

1. To reach high coverage with respect to real world
corpora – to this end, we avoid using schemata
that focus on a small set of specific genres (Zu Eis-
sen and Stein, 2004; Santini, 2006; Asheghi et

4http://corpus.tools/wiki/Onion
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al., 2016; Lee and Myaeng, 2002; Boese, 2005).
Instead, we propose category groups, based on
main communicative purposes, identified in pre-
vious research (Egbert et al., 2015; Sharoff, 2010;
Santini, 2010; Sharoff, 2018).

2. To consider usability for the corpora users and
to provide genre labels, recognizable to users as
much as possible – to this aim, we avoid abstract
labels, such as content delivery (Vidulin et al.,
2007), resources (Stubbe and Ringlstetter, 2007),
recreation (Sharoff, 2010), commpuff (Sharoff,
2018).

3. To provide categories that the annotators can un-
derstand with little training and on which they
largely agree – to this end, we avoid schemata
with a very fine granularity (Crowston et al., 2010;
Roussinov et al., 2001; Williams, 2000; Egbert et
al., 2015; Berninger et al., 2008) which usually
increases the ambiguity (see Sharoff (2010)).

Considering the prospect of extending the research to
cross-lingual transfer from large English genre anno-
tated corpus CORE (Egbert et al., 2015) to smaller lan-
guages, proposed by Repo et al. (2021) and Rönnqvist
et al. (2021), we base our annotation schema on the
CORE schema which is hierarchical and consists of 8
higher-level categories and more than 50 subcategories.
We focus on the subcategories, for which “the labels
are intuitive and correspond to register categories in
other corpora” (Laippala, 2019). However, the inter-
annotator agreement (see Egbert et al. (2015)) and lin-
guistic description of the categories (see Biber and Eg-
bert (2018)) revealed that there is room for improve-
ment. Firstly, due to high granularity of the schema,
the results revealed low inter-annotator agreement, as
there was no majority agreement, i.e., agreement be-
tween at least three of four annotators, on the main cat-
egory of 31.06% of documents and on the subcategory
of 48.98% documents. For at least 10 subgenres there
were no instances with majority agreement. Addition-
ally, Biber and Egbert (2018) found that some sub-
categories are not well-defined linguistically, and that
some are highly similar. Thus, we reduce the gran-
ularity by merging some of similar categories, such
as News Report and Sport Report, and by including
some less frequent categories into broader ones. Sec-
ondly, in an attempt to encompass as many relevant
web genres as possible, we include some additional
genres, identified in a survey of 200 random documents
from the slWaC 2.0 Slovenian web corpus (Erjavec
and Ljubešić, 2014), which were considered in previ-
ous schemata (Roussinov et al., 2001; Boese, 2005;
Laippala et al., 2020; Stubbe and Ringlstetter, 2007;
Asheghi et al., 2016; Crowston et al., 2010; Rehm et
al., 2008).
Our schema does not group categories in the 8 main
categories proposed by CORE (Narrative, Opinion, In-
formational Description/Explanation, Interactive Dis-

cussion, How-to/Instructional, Informational Persua-
sion, Lyrical, Spoken), since Biber and Egbert (2018)
noted that some main categories encompass subgen-
res that are situationally, linguistically, and functionally
different, that some similar subgenres are spread across
different main categories and that some main categories
overlap extensively and could be merged. Thus, 23
genre categories, based on recognizable labels, pur-
pose, conventional forms and lexico-grammatical fea-
tures, are grouped into 7 category groups (see Figure
1), 6 of which are based on purpose (Objective Infor-
mative, Subjective Reporting, Opinion, Promotion, Di-
alogue, Literature), whereas 1 is based solely on the
form of the text (Formatted Text), consisting of visually
very easily recognizable genres that could have various
purposes, such as Frequently Asked Questions. The cat-
egory groups were introduced to alleviate the annota-
tion decision process, whereas the annotation and ma-
chine learning experiments were performed on the level
of categories only. For more details on the categories,
see their descriptions in the Appendix 1.
Unlike most schemata which consider the case where
all web pages should belong to a predefined taxonomy
of genres (Lim et al., 2005; Santini, 2007; Sharoff,
2018), we recognize that there might exist web pages
that would not fall into any of the predefined genre la-
bels. Following Asheghi et al. (2016), to deal with
such web pages, we introduce the 24th category Other,
intended for texts which purpose is unknown or not
covered by other labels. We suggest that during the
annotation process, the annotators keep record of pos-
sible additional genres that are annotated as Other, and
if their presence in the corpora is significant, they can
be added to the category set.

3.3. Annotation procedure
The genre annotation was conducted individually by
two annotators – the author of the annotation schema
and a second annotator. Both annotators are PhD stu-
dents in the field of computational linguistics and have
a linguistic background. The second annotator received
short training on examples that were deemed to be pro-
totypical, and was provided with a decision-tree survey
which the annotators used until they sufficiently famil-
iarized themselves with the task.
In addition to this, the annotators followed detailed
annotation guidelines with examples of prototypical
texts and descriptions of the purpose, form and com-
mon lexico-grammatical linguistic characteristics of
the genres5. With the latter, we diverge from the ap-
proaches of the FTD (Sharoff, 2018) and CORE (Eg-
bert et al., 2015) studies. They avoid considering the
linguistic characteristics of genres in the annotation
process and base the annotation on “the impression
the annotators obtained from reading a text” (Sharoff,

5The guidelines for multiple languages are avail-
able at https://tajakuzman.github.io/
GINCO-Genre-Annotation-Guidelines/.
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Figure 1: The Genre Schema

2018) to allow further analyses of linguistic character-
istics of genre categories without circularity. We ar-
gue that we cannot disregard the possibility that based
on annotators’ prior knowledge and experience with
genres, their decision may be influenced by linguistic
characteristics nevertheless. Additionally, by instruct-
ing the annotators to base their decisions on presence
of concrete characteristics in the text rather than on
their impression of the text, the decisions are less sub-
jective, which improves the inter-annotator agreement
and consistency. The key linguistic characteristics were
chosen based on a preliminary study of 200 texts from
the Slovenian web corpora, and although they were not
based on the linguistic analyses of the English CORE
corpora by Biber and Egbert (2018), they happened to
largely correspond to them.
In contrast to the annotation process of CORE (Egbert
et al., 2015) which used single-labelling approach, we
opted for multi-labelling approach where texts can be
annotated with up to three genre labels. In this setting,
the primary label is deemed to be the one that is most
prevalent and the one that is mainly used for the au-
tomated identification, whereas the secondary and ter-
tiary labels provide additional information on the fuzzi-
ness of the text, known as a hybrid.

3.3.1. Inter-annotator agreement
The annotation was performed in 21 batches of, on av-
erage, 50 texts, and the two annotators discussed uncer-
tain cases in meetings, with frequency of meetings de-
creasing with progression of the annotation campaign.
The inter-annotator agreement was calculated on the
annotators’ labels that were assigned prior to the dis-
cussions. The nominal Krippendorff’s alpha (Krippen-
dorff, 2018), calculated for agreement on the complete
set of 24 categories on the level of primary labels only,
reached 0.71, which is above the acceptable threshold
of 0.67, defined by Krippendorff (2018). This shows
that the proposed schema and annotation procedure im-
prove the reliability of annotation in comparison with
the CORE schema, for which Sharoff (2018) reported
nominal Krippendorff’s alpha of 0.53 on the complete
set of 56 subcategories and 0.66 on the 8 main cate-

gories. Regarding the FTD approach, initial research
(Sharoff, 2018) achieved higher agreement, reaching
Krippendorff’s alpha above 0.76, but subsequent re-
search (Suchomel, 2020) reported significantly lower
results, i.e., nominal alpha of 0.497, despite using only
9 of initial 18 FTD categories.
Additionally, we performed a manual analysis of agree-
ment where we considered two cases as partial agree-
ment: agreement between the primary label assigned
by one annotator with the secondary label assigned by
the other, and the agreement between the two primary
labels that are a part of the same category group. The
analysis revealed perfect agreement on primary labels
in 73%, partial agreement in 19%, and no agreement in
8% of texts. Further analysis of cases with no agree-
ment revealed that in 47% of such cases, no agree-
ment was observed due to difficult categorisation of
texts with features of many different genres or none at
all. Secondly, in 32% of cases there was no agreement
due to instances of new phenomena that were not previ-
ously sufficiently covered by the annotation guidelines.
This shows that as the authors of web texts demonstrate
varying levels of expertise or willingness to conform to
the conventions, defined by genre experts, (see Sharoff
(2021)) annotation guidelines and the schema based on
previous work and small preliminary analyses cannot
entirely cover all of the diversity found on the Web.
Thus, updating the guidelines (and schema) as the task
progresses is recommended.

3.4. Dataset encoding and availability
The final dataset, Genre Identification Corpus GINCO
1.0 (Kuzman et al., 2021) 6, consists of the “suitable”
and “not suitable” subset, which are released separately
in form of a JSON file. The suitable subset consists
of texts, manually labelled with genres, and the non-
suitable subset comprises documents, considered to be
noise and labelled with Not Suitable categories. The
corpus contains additional metadata, i.e., URL, do-
main, year, and attribute hard, indicating whether a

6The corpus is freely available at http://hdl.
handle.net/11356/1467.
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text was hard to annotate. For each of the two sub-
sets the train:dev:test split is encoded in the dataset in
a 60:20:20 manner.
The suitable subset has primary, secondary and tertiary
labels encoded on three levels of detail – as 24 labels,
21 labels (on this level, the stratified train:dev:test split
was performed) and 12 labels. Smaller sets of labels
were produced by merging original categories. In this
research, we perform experiments mostly on the pri-
mary labels only, to which the information from the
secondary labels is added in the experiments in the sub-
section 4.6. We use the sets of 21 and 12 labels. The
latter set is used only in the experiments in the subsec-
tion 4.7.
Each text instance is encoded as a sequence of para-
graphs. In addition to the text (attribute text), each
paragraph contains information whether the paragraph
is considered a near-duplicate by automatic means (the
boolean attribute duplicate), and finally, manually
added information on whether a near-duplicate is in-
formative for the genre identification (the boolean at-
tribute keep). In this research, we exploit only the
automated information of near-duplicates, as the infor-
mation of near-duplicate paragraphs to be kept did not
prove to be useful during our preliminary experiments.
The size of the subsets is described in the Table 1.

subset texts pars words
suitable 1,002 15,050 478,969
suitable (dedup.) 983 7,088 278,075
not suitable 123 3,402 173,778
both subsets 1,125 18,452 652,747

Table 1: Size of the suitable subset (“suitable” – all
paragraphs, “suitable (dedup.)” – texts without near-
duplicates), not suitable subset, and the sum of both,
i.e., the size of the whole GINCO dataset, in terms of
number of texts, paragraphs (“pars”) and words.

4. Machine learning experiments

4.1. Data split
To prepare the dataset for the machine learning exper-
iments, labels with less than 5 instances, namely FAQ,
Script/Drama and Lyrical, were merged to the label
Other. Thus, the experiments were performed on the
set of 21 labels. The dataset was then split into train,
dev and test in a 60:20:20 manner. Following Asheghi
et al. (2014), we ensured that instances from the same
web domain were present in only one split to minimize
the effect of topic, website design, and the writing style
of specific authors. Stratification by the year of crawl-
ing and the hard parameter was performed in a man-
ual manner, choosing the stratification by primary label
that also ensured reasonable stratification by these two
additional variables.

4.2. Experimental setup
Dev split was used to optimize hyperparameters for dif-
ferent models. The main focus of the hyperparameter
search was the number of training epochs to prevent
overfitting and optimize micro and macro F1 scores. In
accordance to this, 30 epochs for Transformer models
and 200 epochs for fastText models were used. For the
Transformer models, the sequence length of 512 tokens
was used, and the learning rate was set to 10−5.
The models, trained on the train split, were evaluated
on the test split via micro F1 and macro F1 to measure
both the instance-level and the label-level performance
of a specific setup. In each experiment, at least 5 train-
ing runs were performed to assure a reasonable sample
for measuring statistical significance of differences in
performance of specific setups, which was tested via
the Mann-Whitney U rank test.
In the remainder of this section, we present the results
of our experiments:

• Section 4.3 – a comparison of different technolo-
gies at our disposal

• Section 4.4 – the impact of using full texts of web
documents instead of texts with near-duplicate
paragraphs removed

• Section 4.5 – investigation of the impact of the
training data size

• Section 4.6 – the impact of using secondary labels
as additional signal

• Section 4.7 – the impact of downcasting the num-
ber of labels from 21 to 12

4.3. Choice of technology

classifier micro F1 macro F1
stratified dummy 0.067 0.061
fastText 0.352 ± 0.038 0.217 ± 0.040
fastText + emb. 0.361 ± 0.007 0.219 ± 0.013
XLM-RoBERTa 0.624 ± 0.015 0.579 ± 0.024
SloBERTa 0.629 ± 0.016 0.575 ± 0.037

Table 2: Comparison of classifiers. Deduplicated
datasets were used for training and evaluation. ‘fast-
Text + emb’ denotes fastText with pre-trained Slove-
nian embeddings.

To assess which technology is the most suitable
for the automatic genre identification task, we com-
pared fastText (Joulin et al., 2016) and two base-
sized Transformer-based pre-trained language models
– the monolingual Slovenian SloBERTa (Ulčar and
Robnik-Šikonja, 2021) model and multilingual XLM-
RoBERTa (Conneau et al., 2019) model. Addition-
ally, as an illustration of the lower bound, a dummy
classifier with stratified guessing strategy was imple-
mented. The results of the experiment, summarized in
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Table 2, revealed that fastText performs significantly
worse than the Transformer models, and the addition
of Slovenian embeddings (Ljubešić and Erjavec, 2018)
only marginally increased its performance. The mono-
lingual model SloBERTa and the multilingual model
XLM-RoBERTa revealed to be the most suitable for the
AGI task, with SloBERTa reaching 0.629 in micro F1
and 0.575 in macro F1, and XLM-RoBERTa 0.624 in
micro F1 and 0.579 in macro F1. XLM-RoBERTa was
included in the comparison following the findings of
Repo et al. (2021) where it outperformed monolin-
gual BERT models in this task. However, in our case it
did not perform statistically significantly different from
SloBERTa.
Two main conclusions can be drawn from these results.
For identifying genre, CNN-like classifiers seem not
to be up to the task, while Transformer-based models
achieve a drastic improvement of the results. Further-
more, similar to results of previous research, multilin-
gual BERT models seem to be as good for modelling
the phenomenon as monolingual BERT models. We
currently have two hypotheses why this is the case: 1.
model pre-training might not bring a lot to the task,
but rather the large Transformer model capacity, and 2.
genre might be a more generic linguistic task than stan-
dard NLP tasks on which monolingual models tend to
outperform multilingual models. We plan to test both
of these hypotheses in our future research.
Further experiments were performed with the
SloBERTa model. However, future experiments in the
cross-lingual genre identification will certainly make
use of the equally-performing XLM-RoBERTa model.

4.4. Impact of near-duplicate removal
A standard method for pre-processing web-based data
is removal of near-duplicates. While the initial ex-
periment presented in Section 4.3 was performed on
documents with near-duplicate paragraphs removed, in
these experiments we investigate whether keeping all
text for classification is beneficial, especially given that
for most of the categories there is not much text avail-
able.
The results of these experiments are summarized in Ta-
ble 3. The main finding is that full texts tend to per-
form better regarding the macro F1 metric, but worse
on the micro F1 metric. This result makes sense as
it shows for categories with lower results to improve
if more text is available per instance, but the instances
from the most populous classes seem to perform worse,
resulting in an overall worse per-instance performance.
Given the overall minor differences in the two se-
tups, and our greater interest in the per-instance per-
formance, i.e., micro F1, we decided to continue our
experiments on the deduplicated dataset.

4.5. Impact of training data size
To understand the effect of the training data size on
the performance of the models, we repeated training on

dataset micro F1 macro F1
full 0.607 ± 0.019 0.596 ± 0.033 ∗

deduplicated 0.629 ± 0.016 ∗∗∗ 0.575 ± 0.037

Table 3: Effect of near-duplicate paragraph removal.
Mann-Whitney U rank test was used for p-value esti-
mation, with the hypothesis that the distribution of one
metric, marked with an asterisk, was greater than the
distribution of another. Asterisks denote p-value: ***
for p < 0.001, ** for p < 0.01, * for p < 0.05.
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Figure 2: Effect of train data size on micro and macro
F1 scores.

train + dev, as well as on a random subset of the train-
ing data, comprising of 40% of the whole dataset. In
this way, two more datapoints were obtained, with the
training sizes being 40%, 60% and 80% of the entire
dataset. The effect that this manipulation has on macro
and micro F1 scores is shown in Figure 2. The train size
correlates positively with both metrics, but the increase
is lower after the second train data increase. However,
further increasing the training data size should help es-
pecially with the low-frequency classes, which is sup-
ported by greater improvements obtained on macro F1
than on micro F1.

At this point we analysed the performance of the model
on specific categories as well, and compared it with
the frequency of each category in the dataset. Figure 3
presents F1 metrics per category, calculated when train-
ing on 60% of the data (original train split), ordered by
the decreasing frequency of categories. Interestingly,
the category frequency does not correlate with the F1
metric. Some of the categories, i.e., Forum, Research
Article, and Recipe, are supported by less data than the
most frequent categories, but perform better. This in-
dicates that some categories are easier to classify than
others. However, one has to bear in mind that the fre-
quency of a category has a direct impact on the size
not only of the training data, but also the test data, i.e.,
the F1 scores of the less represented categories depend
more heavily on the (dis)similarity of the few instances
in the test split to the few instances in the train split.
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Figure 3: Per-category frequency and F1 scores for
training on 60% of the deduplicated data. The blue bar
depicts the relative frequency of the category, and the
purple bar shows the average F1 score from all training
runs for a specific category. For reading F1 scores, use
bottom x axis, for relative frequencies, use top x axis.

4.6. Secondary labels as additional signal

As 188 or 18.7% of the texts are labelled with a sec-
ondary category as well, denoting presence of an ad-
ditional genre, we used this information to inspect
whether including the secondary labels in the train split
as additional signal would improve the performance of
the classifier. The experiments were performed on the
original train split (60% of data) of the deduplicated
dataset.
A separate training dataset was prepared, where the in-
stances were repeated three times and the last repeti-
tion was labelled with the secondary label in an attempt

to augment the performance of the models. With that,
we deemed the importance of the primary label to be
twice as large as the importance of the secondary la-
bel. If there was no secondary label, the instance was
repeated three times with the primary label. Given that
the instances were repeated three times, the number of
training epochs was adapted from 30 to 10 in an attempt
to make all experiments comparable. Similarly, we did
not adapt the test dataset in any way. As shown in Ta-
ble 4, the inclusion of secondary labels improved the
micro F1 score, while the macro F1 score decreased.
The increased micro F1 is not statistically significant,
macro F1 decrease, however, is. To conclude, while
there might be a positive impact of inclusion of the sec-
ondary label, it is minimal and it complicates the setup.
Therefore, we opted for using only the primary labels
in our final experiment, described in the following sub-
section.

train labels micro F1 macro F1
primary 0.629 ± 0.016 0.575 ± 0.037 ∗

both 0.635 ± 0.011 0.558 ± 0.026

Table 4: Impact of secondary label inclusion in the
training dataset. Statistical testing in each column is
performed with Mann-Whitney U rank test with p-
value encoded with asterisks: *** for p < 0.001, ** for
p < 0.01, * for p < 0.05.

4.7. Number of classes
In the final part of experimentation, we investigate the
impact of using a smaller set of labels. To this end, we
reduce the number of labels from 21 to 12 labels by
merging similar labels (e.g., Promotion of a Product,
Promotion of Services, Invitation and Promotion) and
by adding some less represented labels, such as Prose,
to the category Other.
The use of a smaller label set significantly improved
macro and micro F1 scores as shown in Table 5. A
positive impact, especially for the categories Promo-
tion and Other, is also visible in confusion matrices,
which are presented in Figure 4a (21 labels) and Fig-
ure 4b (12 labels). Here it should be noted once more
that the performance of the less represented classes,
such as Legal/Regulation, Call, Interview and so on,
heavily depends on a very small number of instances
in the training and test set. In future work, we plan to
double the size of the dataset to provide more training
and test examples.

5. Conclusion
In this paper we presented a representative dataset
of Slovenian web-crawled documents annotated with
genre – the freely available Genre Identification Cor-
pus GINCO 1.0 (Kuzman et al., 2021). We introduced a
new genre schema which allows annotation with genre
of the entire composition of not only web documents,
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label set micro F1 macro F1
21 labels 0.629 ± 0.016 0.575 ± 0.037
12 labels 0.696 ± 0.011 ∗∗∗ 0.668 ± 0.028 ∗∗∗

Table 5: The effect of using a smaller label set by
merging 21 labels to 12 labels. Deduplicated datasets
were used for training and evaluation. Statistical test-
ing in each column is performed with Mann-Whitney
U rank test with p-value encoded with asterisks: ***
for p < 0.001, ** for p < 0.01, * for p < 0.05.
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Figure 4: Confusion matrices for the best performing
training run for 21 labels (4a) and 12 labels (4b).

but textual documents in general. Furthermore, we pro-
posed some improvements in the annotation procedure
with which we achieved the nominal Krippendorff’s al-

pha (Krippendorff, 2018) of 0.71 which indicates that
our approach allows more reliable genre annotation
than currently most frequently used approaches.
We performed a series of experiments over the new
dataset, revealing that CNN-like classifiers are not up
to the task, and the language-specific SloBERTa (Ulčar
and Robnik-Šikonja, 2021) Transformer model to be
equally potent as the multilingual XLM-RoBERTa
(Conneau et al., 2019). Furthermore, we showed that
the most reasonable setup for web genre identification
is to work with documents with near-duplicate para-
graphs removed, using only the dominant, primary la-
bels of texts, and that genre frequency and classifica-
tion performance do not correlate. When applying this
setup to experiments with SloBERTa, we reached 0.629
in micro F1 and 0.575 in macro F1.
While we performed our experiments on a random se-
lection of the Slovenian web, we discarded 10.9% of
the data as unsuitable, for which we do not have an effi-
cient classification, or rather elimination approach, and
we manually split documents, containing multiple texts
with different genres, a task that we did not take on to
automate. Once we have these two issues moved out
of our way, we can be able to fully claim that we are
able to perform high-quality genre identification on a
random sample of web data. Nevertheless, this dataset
and these experiments still represent the most realis-
tic web-based sample of documents annotated for suit-
ability and genre. Encouraged by positive results, we
plan to continue with annotation campaigns to enlarge
the Slovenian dataset and to create a Croatian and an
English dataset, which will allow cross-lingual experi-
ments.
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Appendix 1: Genre Categories

Genre Description
News/Reporting an objective text which reports on an event recent at the time of writing or coming in the

near future
Announcement an objective text which notifies the readers about new circumstances, asking them to act

accordingly
Instruction an objective text which instructs the readers on how to do something

Recipe an objective text which instructs the readers on how to prepare food or drinks
Information/Explanation an objective text that describes or presents a person, a thing, a concept etc.

Research Article an objective text which presents research, uses formal language and scientific terms
Call a text which asks the readers to submit a paper, project proposal, original literary text etc.,

stating requirements and a deadline
Legal/Regulation an objective formal text that contains legal terms and is clearly structured

Opinionated News a subjective text which reports on an event recent at the time of writing or coming in the
near future

Opinion/Argumentation a subjective text in which the authors convey their opinion or narrate their experience. It
includes promotion of an ideology and other non-commercial causes.

Review a subjective text in which authors evaluate a certain entity based on their personal experience
Promotion a subjective text intended to sell or promote something. This category is used when a

promotional text does not fall under Promotion of a Product, Promotion of Services or
Invitation.

Promotion of a Product a subjective text which promotes a product, an application, an accommodation, etc.
Promotion of Services a subjective text which promotes services of a company

Invitation a text which invites the readers to participate in an event
Interview a text consisting of questions posed by the interviewer and answers by the interviewee

Forum a text in which people discuss a certain topic in form of comments
Correspondence a text addressed to a person or organization with a form similar to a letter, i.e., including a

greeting, a complimentary close etc.
Script/Drama a literary text that mostly consists of dialogue of characters, stage directions and instructions

to the actors
Lyrical a text that consists of verses

Prose a literary running text that consists of paragraphs
FAQ a text in which an author informs the reader through questions and answers

List of Summaries/Excerpts a text which consists of summaries or excerpts of multiple articles/topics (usually from the
article archive page)

Other a text that has a purpose, not covered by other genre categories, or has no clear purpose

Table 6: Description of genre categories
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3.2 Merging Multiple High-Coverage Genre Schemata and
Datasets

While Transformer-based models have shown promising performance on the Slovenian
genre dataset (see Section 3.1.4), the results still fall short of our target of 0.80 in both
micro-F1 and macro-F1 scores. Previous studies have shown that fine-tuning on multiple
datasets can improve performance, while also assuring a higher robustness of the model
by mitigating topical biases (Lepekhin & Sharoff, 2022). Therefore, in this section, we
construct a new Slovenian-English dataset by merging three manually-annotated genre
datasets in two languages: the English CORE (Egbert et al., 2015) and the FTD dataset
(Sharoff, 2018), and the Slovenian GINCO dataset (see Section 3.1.3).

The first step in this endeavor involves assessing the feasibility of conducting cross-
dataset experiments between the GINCO and CORE (Egbert et al., 2015) datasets. Our
findings show that when the XLM-RoBERTa model (Conneau et al., 2020) is fine-tuned on
one dataset and evaluated on the other, the scores remain relatively high – ranging from
0.60 to 0.64 in micro-F1 and 0.54 to 0.58 in macro-F1 scores. This confirms that the GINCO
and CORE datasets are sufficiently comparable to allow cross-dataset transfer. Moreover,
these results are comparable to those from cross-lingual experiments using English, Finnish,
Swedish, and French datasets based on the same CORE schema (Repo et al., 2021). For
a more detailed analysis, see the paper “Assessing Comparability of Genre Datasets via
Cross-Lingual and Cross-Dataset Experiments” by Kuzman, Ljubešić, and Pollak (2022),
enclosed in Section 3.2.3.

Motivated by the positive results, we extend the unified schema to incorporate the FTD
categories (Sharoff, 2018), resulting in the X-GENRE schema (see Section 3.2.1). Based
on this new schema, we combine the GINCO, CORE, and FTD datasets to create the
Slovenian–English X-GENRE dataset, presented in Section 3.2.2. With this novel dataset,
we address Goal G3 by providing a manually-annotated genre dataset in both Slovenian
and English. The X-GENRE dataset offers greater robustness through its multilingual
content and a broader variety of training and test instances. The remainder of this section
is based on the paper “Automatic Genre Identification for Robust Enrichment of Massive
Text Collections: Investigation of Classification Methods in the Era of Large Language
Models” by Kuzman, Mozetič, et al. (2023), enclosed in Section 3.2.4.

3.2.1 X-GENRE Schema

Each of the CORE (Egbert et al., 2015), FTD (Sharoff, 2018), and GINCO datasets uses
its own genre schema with varying label granularity. To merge them, we develop a unified
genre schema – referred to as the X-GENRE schema – to which the original labels are
mapped. The development of this schema involves analyzing label descriptions, reviewing
manual annotation guidelines, and examining concrete examples from all three datasets.
In addition, we adopt a data-driven approach: Transformer-based BERT-like models are
fine-tuned on each dataset using its original schema, and then applied to the other two
datasets. This helps us identify which labels truly match – not just in theory, but also
based on the predictions of the models across datasets. Some labels were found to be
spread across multiple categories and could not be reliably mapped to a single label from
the other two schemata. These labels were therefore discarded, and texts annotated with
them were excluded from the final X-GENRE dataset. The mapping of the GINCO, FTD,
and CORE schemata to the unified X-GENRE schema is shown in Figure 3.4.

The resulting X-GENRE schema comprises 9 genre labels: Information/Explanation,
Instruction, Legal, News, Opinion/Argumentation, Promotion, Prose/Lyrical, Forum, and
Other. Label descriptions are provided in the Appendix of Kuzman, Mozetič, et al. (2023)
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Figure 3.4: The mapping of genre labels from the FTD (Sharoff, 2018) (first column),
GINCO (Kuzman, Rupnik, et al., 2022) (third column), and CORE (Egbert et al., 2015)
(fourth column) schemata to the unified X-GENRE schema (second column).

(see Section 3.2.4), and further details, including examples and a decision tree, are available
in the publicly accessible annotation guidelines.3

3.2.2 Slovenian-English X-GENRE Dataset

The unified X-GENRE schema allows us to merge parts of the English CORE (Egbert
et al., 2015) and FTD (Sharoff, 2018) datasets with the Slovenian GINCO dataset. The
resulting X-GENRE dataset (Kuzman & Ljubešić, 2024a) contains 2,956 instances, with
roughly equal contributions from each source, namely, around 1,000 instances per dataset.
It is split into training, evaluation, and test sets following a 60:20:20 ratio (1,772:592:592
texts), with a similar distribution of genre labels and dataset sources throughout the splits
to ensure a balanced representation of English and Slovenian texts. The X-GENRE dataset
is available on both the CLARIN.SI and Hugging Face repositories to ensure long-term
preservation and open access.4

The X-GENRE dataset fulfills the part of Goal G3 related to constructing Slovenian
and English training genre datasets. The merged dataset offers several advantages. It
brings together three datasets in two languages, collected from different sources, time pe-
riods, and using different methods. This diversity provides a wider range of instances,
enhancing the generalization and robustness of models trained on it. Additionally, the
inclusion of both English and Slovenian languages allows analyses of the multilingual per-
formance of genre classifiers.

To assess the suitability of the newly developed dataset for training genre classifiers,

3The annotation guidelines for the X-GENRE schema are available at https://tajakuzman.github.io/
X-GENRE-Annotation-Guidelines/.

4The X-GENRE dataset is accessible on the CLARIN.SI repository at http://hdl.handle.net/11356/
1960 and the Hugging Face repository at https://doi.org/10.57967/hf/6582.

https://tajakuzman.github.io/X-GENRE-Annotation-Guidelines/
https://tajakuzman.github.io/X-GENRE-Annotation-Guidelines/
http://hdl.handle.net/11356/1960
http://hdl.handle.net/11356/1960
https://doi.org/10.57967/hf/6582
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compared to existing high-coverage genre datasets, we fine-tune and evaluate the base-
sized XLM-RoBERTa Transformer model (Conneau et al., 2020) on each dataset. The
results, presented in Table 3.3, show that the model fine-tuned on the X-GENRE dataset
achieves the highest results, namely, micro-F1 of 0.80 and macro-F1 of 0.79. This finding
confirms that training on multiple datasets improves performance, which is consistent with
the earlier results of Repo et al. (2021) and Lepekhin and Sharoff (2022). Moreover, the
X-GENRE dataset has the same number of labels as the CORE dataset when considering
its main categories, yet it is six times smaller. Despite this, the models fine-tuned on the
X-GENRE dataset achieve significantly better results, demonstrating that this dataset is
more effective for training genre classifiers and reinforcing the notion that dataset quality
is more important than size. Full details on the methodology and experimental setup are
available in the paper by Kuzman, Mozetič, et al. (2023), enclosed in Section 3.2.4.

Table 3.3: Performance of XLM-RoBERTa-based genre classifiers, fine-tuned and evaluated
on GINCO, CORE (Egbert et al., 2015), FTD (Sharoff, 2018), and X-GENRE datasets
and their corresponding schemata. The results are ordered based on the macro-F1 scores.

Dataset Labels Training Instances Micro-F1 Macro-F1
X-GENRE 9 1,772 0.80 0.79

FTD 10 849 0.74 0.74
GINCO (simplified schema) 9 601 0.73 0.72

CORE (main categories) 9 10,256 0.75 0.62
GINCO (reduced schema) 17 579 0.59 0.47

CORE (subcategories) 37 9,537 0.66 0.39

Since the results show that the X-GENRE dataset is the most suitable for training genre
classifiers, we use this dataset in our comparison of different machine learning models in
in-domain and out-of-domain scenarios, presented in the following chapter.

3.2.3 Related Paper: Assessing Comparability of Genre Datasets via
Cross-Lingual and Cross-Dataset Experiments
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Abstract
This article explores comparability of an English and a Slovene genre-annotated dataset via monolingual and cross-lingual experiments,
performed with two Transformer models. In addition, we analyze whether translating the Slovene dataset into English with a machine
translation system improves monolingual and cross-lingual performance. Results show that cross-lingual transfer is possible despite
the differences between the datasets in terms of genre schemata and corpora construction methods. Furthermore, the XLM-RoBERTa
model was shown to provide good results in both settings already when learning on less than 1,000 instances. In contrast, the trilingual
CroSloEngual BERT model was revealed to be less suitable for this text classification task. Moreover, the results reveal that although the
English dataset is 40 times larger than the Slovene dataset, it provides similar or worse classification results.

1. Introduction
Texts in datasets can be grouped by genres based on

their common function, form and the author’s purpose (Or-
likowski and Yates, 1994). Labeling texts with genres al-
lows for a deeper insight into the composition and qual-
ity of a web corpus that was collected with automatic
means, more efficient queries in information retrieval tools
(Vidulin et al., 2007), as well as improvements of various
language technologies tasks, such as part-of-speech tag-
ging (Giesbrecht and Evert, 2009) and machine translation
(Van der Wees et al., 2018). That is why automatic genre
identification (AGI) has been a subject of numerous studies
in the computational linguistics and information retrieval
fields (e.g., see Egbert et al. (2015), Sharoff (2018)).

As in other text classification tasks, a large manually an-
notated dataset is required in AGI in order to train and test
a classifier. While there exist some large English genre-
annotated datasets, such as the Corpus of Online Regis-
ters of English (CORE) (Egbert et al., 2015) with 53,000
texts and the Leeds Web Genre Corpus (Asheghi et al.,
2016) with 5,000 texts, for other languages there is either no
dataset or mostly a small one, consisting of 1,000 to 2,000
texts, such as genre-annotated corpora for Russian (Sharoff,
2018), Finnish (Laippala et al., 2019), Swedish and French
(Repo et al., 2021). This means that for obtaining a large
dataset needed for genre identification of other languages,
costly and time-consuming annotation campaigns are still
needed, leaving most languages under-resourced in regard
to the technologies based on the AGI.

However, it might be possible to overcome this obsta-
cle by leveraging the cross-lingual transfer, applying mod-
els trained on high-resource languages to the low-resource
languages. Recently, Repo et al. (2021) showed that it is
possible to achieve good levels of cross-lingual transfer in
AGI experiments. They performed experiments in zero-
shot cross-lingual automatic genre identification by train-
ing multilingual Transformer-based models on the English
CORE corpus (Egbert et al., 2015) and testing them on

smaller Finnish, Swedish, and French datasets. Rönnqvist
et al. (2021) extended this research, training the models on
a multilingual dataset, created from the four corpora, which
further improved the results.

These promising results stimulated creation of genre-
annotated datasets for other languages, and for Slovene,
a web genre identification corpus GINCO 1.0 (Kuzman et
al., 2021) was created. Its genre schema was based on the
CORE schema with the possibility of cross-lingual experi-
ments in mind (see Kuzman et al. (2022)). However, a lin-
guistic analysis of the categories (Biber and Egbert, 2018)
and a low inter-annotator agreement, reported by Egbert et
al. (2015) and Sharoff (2018), revealed some shortcom-
ings of the CORE schema that could impact the reliability
of the dataset. Thus, Kuzman et al. (2022) diverged from
the original schema when annotating GINCO, striving to-
wards a more reliably annotated dataset. In addition to
this, the CORE and GINCO datasets were created follow-
ing different corpora collection and annotation approaches
(see Section 3.1.). Due to these differences, it remained
unclear whether the datasets are comparable enough to al-
low cross-lingual transfer which would eliminate the need
for extensive annotation campaigns of Slovene and other
under-resourced languages of interest. This article provides
first insight into this, exploring the comparability of the
two datasets through cross-dataset and cross-lingual exper-
iments.

2. Goal of the Paper
This paper analyzes comparability of two genre-

annotated datasets, the Corpus of Online Registers of En-
glish (CORE) (Egbert et al., 2015) and the Slovene Web
genre identification corpus GINCO 1.0 (Kuzman et al.,
2021). We perform cross-dataset and cross-lingual auto-
matic genre identification experiments to address the main
research question (Q1): Is the CORE dataset comparable to
the GINCO dataset enough to provide good cross-lingual
transfer, as it was achieved by Repo et al. (2021) who
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used comparably encoded Finnish, Swedish and French
datasets?

To compare the corpora and to analyze their useful-
ness for monolingual as well as for cross-lingual auto-
matic genre identification, first, labels from both corpora
were mapped to a joint schema, the GINCORE schema.
Then, multilingual pre-trained Transformer-based models
were trained on the English CORE dataset with GINCORE
labels (EN-GINCORE), the Slovene GINCO dataset with
GINCORE labels (SL-GINCORE) and the SL-GINCORE
dataset that was machine translated into English (MT-
GINCORE). We conduct 1) monolingual in-dataset AGI
experiments, training and testing on the same dataset, 2)
cross-lingual and cross-dataset AGI experiments, training
on one dataset and testing on the other. The machine-
translated dataset is added to the comparison to explore
two additional research questions: Q2) In monolingual in-
dataset experiments, do multilingual models, which were
pre-trained on more English than Slovene data, perform
differently on Slovene dataset (SL-GINCORE) than on
a Slovene dataset, machine-translated to English (MT-
GINCORE)? and Q3) In cross-lingual cross-dataset exper-
iments, does translating the training data (MT-GINCORE)
into the language of test data (EN-GINCORE) provide bet-
ter results than using training and testing data in different
languages (SL-GINCORE and EN-GINCORE)?

The experiments were performed with two multilingual
Transformer-based pre-trained language models, massively
multilingual XLM-RoBERTa model (Conneau et al., 2020),
and the trilingual Croatian-Slovene-English CroSloEngual
BERT model (Ulčar and Robnik-Šikonja, 2020). This
provides an answer to the fourth research question (Q4):
Does CroSloEngual BERT, pre-trained on a smaller num-
ber of languages, perform better in the cross-lingual AGI
experiments than a massively multilingual XLM-RoBERTa
model?

3. Data Preparation
3.1. Original Datasets

In this research, three datasets were used: the Corpus of
Online Registers of English (CORE) (Egbert et al., 2015),
the Slovene Web genre identification corpus GINCO 1.0
(Kuzman et al., 2021) and the GINCO 1.0 corpus, machine
translated to English.

The CORE corpus consists of web texts that were ex-
tracted from the “General” part of the Corpus of Global
Web-based English (GloWbE) (Davies and Fuchs, 2015).
The GloWbE corpus was collected via Google searches
with high frequency English 3-grams as the queries (Davies
and Fuchs, 2015). After obtaining the texts, further clean-
ing was performed, more specifically, the boilerplate was
removed with the Justext tool (Pomikálek, 2011).

The CORE corpus was annotated based on a hierarchi-
cal schema which consists of 8 main genre categories, such
as Narrative, Opinion, Spoken, and 54 subcategories, e.g.,
News Report/Blog, Instruction, Travel Blog, Magazine Ar-
ticle. The annotation was single-label, i.e., each annotator,
recruited through a crowd-sourcing platform, could assign
one main category and one subcategory to a text. However,
as each text was annotated by four annotators, that means

that it can have up to four labels. The corpus that we ob-
tained from the authors and used in this research consists
of 48,415 texts, labeled with 8 main categories and 47 sub-
categories. The corpus was further cleaned by removing
duplicated texts and texts with more than one assigned la-
bel, resulting in 41,502 texts.

The GINCO corpus (Kuzman et al., 2022) consists of a
random sample of web texts from two Slovene web corpora,
slWaC 2.0 corpus (Erjavec and Ljubešić, 2014) from 2014
and MaCoCu-sl 1.0 corpus (Bañón et al., 2022) from 2021.
Both web corpora were created by crawling the Slovene
top-level domain and some generic domains that are inter-
linked with the national domain. As in GloWbE, the boiler-
plate was removed with the Justext tool (Pomikálek, 2011).
The GINCO corpus consists of two parts, the “suitable”
part, annotated with genres, and “not suitable” part, consist-
ing of texts not suitable for genre annotation, such as texts
in other languages, machine-translated texts etc. In this re-
search, only the suitable part, consisting of 1,002 texts, was
used.

For the annotation, a GINCO schema was used,
consisting of 24 labels, e.g., News/Reporting, Opin-
ion/Argumentation, Promotion of a Product. The schema
is based on the subcategory level of the CORE schema and
on other schemata from previous genre studies. The texts
were annotated by two annotators with the background in
linguistics. In case of disagreement, final labels were de-
termined at frequent meetings. Multi-label annotation was
allowed, i.e., each text could be annotated with up to three
classes which were ordered according to their prevalence
in the text as a primary, secondary and tertiary label. How-
ever, in these experiments, only the primary labels are used.
Each paragraph in the texts is accompanied with metadata
(attribute keep) with information on whether it was man-
ually identified to be a part of the main text and thus useful
for the annotation. In this research, paragraphs not deemed
to be useful were discarded.

The machine-translated GINCO corpus (MT-GINCO)
was created by translating the Slovene GINCO 1.0 to En-
glish with the DeepL1 machine translation system. The sys-
tem is stated by its developers to be “3x more accurate”
than its closest competitors, i.e., Google Translate, Ama-
zon Translate and Microsoft Translator, based on internal
blind tests (DeepL, nd). DeepL was confirmed to outper-
form Google Translate also in an independent study of Yu-
lianto and Supriatnaningsih (2021). The GINCO corpus
was translated into British English, as this variety seems
to be more frequent than American English in the general
part of the GloWbE corpus on which the CORE corpus is
based (GloWbe, nd). The prevalence of the British variety
in the CORE corpus was also confirmed with a lexicon-
based American-British-variety Classifier (Rupnik et al.,
2022) which identified 40% of texts to be British, 25% to be
American, while the rest contain a mixture of both varieties
or no signal for any of them.

3.2. GINCORE Schema
To be able to perform cross-dataset experiments, the

CORE and GINCO schemata were mapped to a joint

1https://www.deepl.com/translator
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(a) SL-GINCORE and MT-GINCORE. (b) EN-GINCORE.

Figure 1: The differences between the distributions of GINCORE labels in the GINCO corpora MT-GINCORE and SL-
GINCORE, and in the EN-GINCORE (CORE corpus).

schema – the GINCORE schema. The schemata were
mapped based on descriptions of categories in previous re-
search, in the annotation guidelines for GINCO2 and the
guidelines for CORE, created for the needs of annotation
of Finnish, French and Swedish corpora using the CORE
schema3 in further research (Laippala et al., 2019; Laippala
et al., 2020). Furthermore, manual inspection of instances
from the GINCO and CORE corpora was performed to an-
alyze to which extent the annotations in the corpora match
the guidelines. The basis of the GINCORE schema was the
GINCO schema as it was shown to provide a more reliable
annotation than CORE (see Kuzman et al. (2022)). More-
over, it is easier to map 54 CORE subcategories with a very
high granularity to 24 broader GINCO categories than vice
versa. The CORE schema consists of broad main categories
and more specific subcategories. As the GINCO schema
was based on the subcategories of the CORE schema, the
subcategories level was used for the mapping from CORE
to GINCORE.

Some of genre categories in both schemata are identical
and can be directly mapped, namely Recipe, Review, In-
terview and Legal/Regulation. As the GINCO and CORE
schemata differ in granularity, broader GINCORE labels
were created which efficiently cover categories from both
schemata. Some CORE categories were not included in the
mapping, because a) these labels revealed to be very in-
frequent and there is no sufficient information about them
available, b) the labels were too broad or problematic for
annotators and as a result include instances that are too het-
erogeneous and cannot be mapped to just one GINCORE
label. The resulting GINCORE schema4 covers 43 CORE
subcategories and all 24 GINCO categories by using 20 la-

2The guidelines for GINCO are available here:
https://tajakuzman.github.io/GINCO-Genre-
Annotation-Guidelines/.

3The guidelines for the annotation campaigns using the
CORE schema are available here: https://turkunlp.org/
register-annotation-docs/.

4The final table with all the GINCORE mappings is avail-
able here: https://tajakuzman.github.io/GINCO-
Genre-Annotation-Guidelines/genre_pages/
GINCORE_mapping.html.

bels: 15 labels that are present in both corpora, and 5 labels,
newly introduced by the GINCO schema and thus present
only in the GINCO dataset.

3.3. GINCORE Datasets
For the purpose of performing cross-dataset experi-

ments, only the GINCORE classes that have more than
5 instances in each of the datasets were used, resulting
in a smaller set of 12 GINCORE labels: News, Forum,
Opinion/Argumentation, Review, Research Article, Infor-
mation/Explanation, Promotion, Instruction, Prose, Inter-
view, Legal/Regulation, and Recipe. The texts annotated
with other GINCORE labels were not included in the ex-
periments. Thus, the final datasets are slightly smaller:

• the English CORE dataset with 12 GINCORE la-
bels, henceforth referred to as the English GINCORE
dataset (EN-GINCORE), consists of 33,918 texts;

• the Slovene GINCO dataset with 12 GINCORE la-
bels, henceforth referred to as the Slovene GINCORE
dataset (SL-GINCORE), consists of 810 texts;

• the machine-translated English GINCO dataset with
12 GINCORE labels, henceforth referred to as
the Machine-Translated GINCORE dataset (MT-
GINCORE), consists of 810 texts.

The text instances were not pre-processed, i.e. each in-
stance is a running text as it was extracted from the origi-
nal web page from which the boilerplate and HTML tags
were removed. In GINCO datasets (SL-GINCORE and
MT-GINCORE), the texts consist of paragraphs, which is
indicated by the <p> tag, while in the CORE dataset (EN-
GINCORE), the partitioning into paragraphs is not pre-
served. In addition to this, the datasets differ significantly
in terms of length of the texts. In the CORE dataset, the
median length is 649 words, while the minimum and max-
imum text length is 52 words and 118,278 words respec-
tively. In the GINCO datasets, most texts are significantly
shorter, with the median length of 198 words, minimum
length of 12 words and maximum length of 4,134 words.
As the Transformer models, used in the experiments, can
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process maximum instance length of 512 tokens, this means
that while the models will in most cases be trained on com-
plete texts from the GINCO datasets, more than half of the
texts from the CORE dataset will not be used in their en-
tirety and the models will be trained only on the first part of
these instances.

Here, it should be also noted that the CORE dataset and
the GINCO datasets are characterized by a different distri-
bution of GINCORE classes. Frequency of some classes,
such as Promotion, is significantly different, as can be seen
in Figure 1.

4. Machine Learning Experiments
4.1. Models

Experiments were performed with the Transformer-
based pre-trained language models which were shown to
perform well in the automatic genre identification task in
a monolingual as well as a cross-lingual setting (Repo et
al., 2021). More specifically, two models were used, the
base-sized massively multilingual XLM-RoBERTa model
(Conneau et al., 2020), and the trilingual Croatian-Slovene-
English CroSloEngual BERT model (Ulčar and Robnik-
Šikonja, 2020). The XLM-RoBERTa model was chosen
because it was revealed to be the best performing model
in cross-lingual automatic genre identification based on the
CORE dataset (Repo et al., 2021), and to be compara-
ble to the Slovene monolingual model SloBERTa (Ulčar
and Robnik-Šikonja, 2021) in experiments, performed on
GINCO (Kuzman et al., 2022). The CroSloEngual BERT
model was revealed to achieve results comparable to the
XLM-RoBERTa model or to even outperform the latter
model in common monolingual and cross-lingual NLP
tasks (Ulčar et al., 2021). Thus, it was included in these
experiments to explore whether it achieves similar results
on the AGI task as well.

4.2. Experimental Setup
The datasets were split into 60:20:20 train, dev and

test splits, stratified according to the label distribution.
The models were trained on the train split, consisting of
20,350 texts in the case of EN-GINCORE, and of 486
texts in the case of SL-GINCORE and MT-GINCORE, and
tested on the test split, i.e., 6,784 texts in the case of EN-
GINCORE and 162 texts in the case of SL-GINCORE and
MT-GINCORE. The dev split, which is of the same size as
the test split, was used for testing the hyperparameter op-
timization. When splitting the datasets, it was assured that
the splits of SL-GINCORE and MT-GINCORE contain the
same instances, so that they differ only in the language of
the content.

The Transformer models are available at the Hugging
Face repository and were trained using the Simple Trans-
formers library. To find the optimal number of epochs and
the learning rate, the hyperparameter search was performed
separately for CroSloEngual BERT and XLM-RoBERTa.
The maximum sequence length was set to 512 tokens and
other hyperparameters were set to default values. As the
EN-GINCORE dataset is more than 40 times larger than
the SL-GINCORE and MT-GINCORE datasets, separate
hyperparameter searches for each dataset were performed.

Optimum learning rate was revealed to be 10−5, while
the optimum number of epochs varies based on the train-
ing dataset and the model, i.e., the optimum number of
epochs when training on the EN-GINCORE with a) XLM-
RoBERTa is 9, and b) CroSloEngual BERT is 6; while
the optimum number of epochs when training on the SL-
GINCORE and MT-GINCORE with a) XLM-RoBERTa is
60, and b) CroSloEngual BERT is 90.

We performed monolingual in-dataset experiments and
cross-lingual cross-dataset experiments5. The monolingual
experiments, described in Section 4.3.1., are in-dataset ex-
periments, which means that the models were trained and
tested on splits from the same dataset. In contrast to this, in
cross-dataset experiments, presented in Section 4.3.2., the
models are trained on one dataset and tested on the other.
At the same time, these experiments are cross-lingual, as
the original datasets are in different languages.

Three runs of each experiment were performed and av-
erage results are reported. The models used in monolin-
gual and cross-lingual setups were evaluated via micro F1
and macro F1 scores to measure the instance-level and the
label-level performance.

4.3. Results
4.3.1. Monolingual In-dataset Experiments

First, the datasets are compared via monolingual in-
dataset experiments where the models were trained and
tested on the splits of the same dataset. In addition to this,
a dummy classifier which predicts the majority class was
implemented as an illustration of the lower bound. The
results, presented in Table 1, show that the mapping of
the original labels into a joint schema was successful and
that it is possible to achieve good results when learning
Transformer models on GINCORE datasets. Transformer
models are shown to be very effective at this task, achiev-
ing micro and macro F1 scores that are higher than the
scores of the dummy model for at least 30 points. XLM-
RoBERTa, which was revealed to be the best performing
model, achieved relatively high results, with micro and
macro F1 scores ranging between 0.72 and 0.84, even when
trained on the two smaller datasets, which consist of less
than 1,000 instances.

The results show that in a monolingual setting, the mas-
sively multilingual XLM-RoBERTa model outperforms the
trilingual CroSloEngual BERT model. While Ulčar et al.
(2021) showed that the trilingual model is comparable to
the XLM-RoBERTa model at NLP tasks which are fo-
cused on classification of words or multiword units, such as
named-entity recognition and part-of-speech tagging, these
results reveal that CroSloEngual BERT is not as suitable as
XLM-RoBERTa for automatic genre identification.

Among all monolingual experiments, the best micro and
macro F1 results were achieved when the XLM-RoBERTa
was trained and tested on the machine-translated MT-
GINCO dataset, reaching average micro and macro F1
scores of 0.81 and 0.84 respectively. At the same time, the

5The code for data preparation and machine learning
experiments is available here: https://github.com/
TajaKuzman/Cross-Lingual-and-Cross-Dataset-
Experiments-with-Genre-Datasets.
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Datasets Majority classifier XLM-RoBERTa CroSloEngual BERT
Trained on Tested on Micro F1 Macro F1 Micro F1 Macro F1 Micro F1 Macro F1

SL-GINCORE SL-GINCORE 0.259 0.027 0.782±0.02 0.725±0.01 0.738±0.01 0.599±0.06
MT-GINCORE MT-GINCORE 0.259 0.027 0.807±0.01 0.841±0.03 0.714±0.00 0.501±0.05
EN-GINCORE EN-GINCORE 0.363 0.036 0.768±0.00 0.715±0.00 0.761±0.00 0.706±0.00
SL-GINCORE EN-GINCORE 0.029 0.004 0.639±0.01 0.539±0.01 0.547±0.02 0.391±0.02
MT-GINCORE EN-GINCORE 0.029 0.004 0.625±0.01 0.521±0.01 0.585±0.01 0.409±0.01
EN-GINCORE SL-GINCORE 0.253 0.027 0.603±0.02 0.575±0.03 0.566±0.02 0.510±0.03
EN-GINCORE MT-GINCORE 0.253 0.027 0.630±0.02 0.663±0.03 0.630±0.01 0.543±0.01

Table 1: Results of monolingual and cross-lingual experiments performed with XLM-RoBERTa and CroSloEngual BERT
models, reported via micro and macro F1 scores (averaged over three runs). As a baseline, the scores of a majority classifier
are added. The best scores for each of the two Transformer models for each of the two setups (in-dataset experiments and
cross-dataset experiments) are shown in bold.

lowest scores, i.e., micro F1 of 0.71 and macro F1 of 0.50,
were obtained on the same dataset in combination with
the CroSloEngual BERT. Similarly, while XLM-RoBERTa
achieved the worst results when trained and tested on the
EN-GINCORE, CroSloEngual BERT achieved the best re-
sults on this dataset. The difference between the results on
the same datasets shows the importance of analyzing the
output of multiple models before reaching any conclusion
regarding the datasets – if only XLM-RoBERTa would be
used, one could assume that the EN-GINCORE dataset is
less suitable for automatic genre identification experiments.
However, after performing experiments with both models,
we can see that no dataset consistently provides the best
results.

Figure 2: F1 scores per labels (averaged over three runs)
in in-dataset experiments with MT-GINCORE and EN-
GINCORE, performed with CroSloEngual BERT. Labels
are ordered according to their frequency in the smallest of
the two datasets, MT-GINCORE.

If we compare experiments, performed with the same
model, we can observe that the largest differences between
the datasets are in terms of macro F1 scores which are cal-
culated on the level of labels. As shown in Figure 2, the
biggest differences between the F1 scores per labels oc-
cur in cases of labels that are represented by a very small
number of instances in the smaller datasets, SL-GINCORE

and MT-GINCORE. Half of the labels, i.e., Review, Le-
gal/Regulation, Research Article, Interview, Recipe and
Prose, are represented by solely 4 instances or less in SL-
GINCORE and MT-GINCORE test splits. One should be
aware that this means that a correct or incorrect prediction
of such a small number of instances per labels has a large
impact on the macro F1 score. Furthermore, a correct pre-
diction of labels with only one or two instances in the test
split might happen due to chance or a similarity of texts in
the train and test split. Thus, the F1 scores of these labels
are not reliable. As shown in Figure 2, in the three runs, the
F1 scores of Interview and Recipe, which are represented by
only 1 instance in the SL-GINCORE and MT-GINCORE
test sets, were either 0 or 1, which has a large impact on
a macro F1. These results also show how important it is to
repeat each experiment multiple times, to ascertain stability
and reliability of results.

If we compare the three datasets based on micro F1
scores, there are small differences between them, i.e., a
difference of 4 points between the lowest and highest
scores when XLM-RoBERTa was used and a difference
of 5 points when CroSloEngual BERT was used. Inter-
estingly, although the EN-GINCORE is 40 times larger
than the SL-GINCORE and MT-GINCORE, it does not
provide higher results than the other two datasets when
the XLM-RoBERTa model is used for training. Simi-
lar results were revealed in previous work (see Repo et
al. (2021)) where they performed monolingual exper-
iments with XLM-RoBERTa on the CORE dataset and
three smaller genre-annotated datasets, Finnish FinCORE,
French FreCORE and Swedish SweCORE datasets. Al-
though the non-English datasets were annotated with the
CORE schema, the annotation procedure and dataset col-
lection methods are more similar to the GINCO approach
than CORE. Their experiments showed that the XLM-
RoBERTa and other Transformer models perform similarly
or better when trained on datasets which consisted of 1,800
to 2,200 instances than when trained on the CORE dataset.

We have two hypotheses why this is the case: 1) It might
be that due to high capacities of Transformer models, their
performance on this task plateaus already at a few thousand
instances and contributing bigger datasets does not signif-
icantly improve the results. 2) Or this could indicate that
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the CORE dataset is less suitable for AGI machine learning
experiments. The reason for that could be that as crowd-
sourcing was used for the annotation of the dataset, the
assigned labels are less reliable and the classes are conse-
quently fuzzier. Poor reliability of the dataset was also con-
firmed by low inter-annotator agreement. The authors of
the dataset reported that there was no agreement between at
least three of four annotators on the subcategory of 48.98%
of texts (Egbert et al., 2015). When the schema and ap-
proach was used by Sharoff (2018) on another corpus, he
reported nominal Krippendorff’s alpha of 0.53 on the level
of subcategories, which is below the acceptable threshold
of 0.67, as defined by Krippendorff (2018). In contrast to
this, the GINCO dataset was reported to achieve Krippen-
dorff’s alpha of 0.71, confirming much higher reliability of
annotations.

4.3.2. Cross-lingual Cross-dataset Experiments
To assess comparability of the English CORE dataset

and the Slovene GINCO dataset, we performed cross-
lingual cross-dataset experiments by training the Trans-
former models on one dataset and testing them on another.
In addition to experimenting with cross-lingual transfer
from Slovene to English dataset and vice versa, we also ex-
plored whether translating the Slovene dataset into English
with a machine translation system improves the results of
cross-dataset experiments.

The results, shown in Table 1, reveal that the trilin-
gual CroSloEngual BERT model performs worse than the
massively multilingual XLM-RoBERTa model in the cross-
lingual experiments with a difference of 12 points between
the highest macro F1 scores obtained by the models and
a much slighter difference between the highest micro F1
scores (0.009).

In general, results obtained in the cross-lingual exper-
iments are significantly lower than the results from the
monolingual experiments. If we compare experiments per-
formed with XLM-RoBERTa, there are differences in 13–
18 points in micro F1 and 5–32 points in macro F1 between
testing the model on the same dataset as it was trained on
(monolingual experiments) and on another dataset (cross-
lingual experiments). In case of CroSloEngual BERT, the
differences between testing on the same dataset versus test-
ing on the other dataset were in 13–20 points in micro F1
and 9–20 points in macro F1.

Nevertheless, the XLM-RoBERTa scores, which range
between 0.6–0.64 and 0.52–0.66 for micro and macro F1
respectively, are a promising indicator that cross-lingual
transfer could be possible in this task for Slovene as well.
Furthermore, the results are comparable to the results of
cross-lingual experiments with the CORE corpora, reported
by Repo et al. (2021). When they trained the XLM-
RoBERTa model on the CORE corpus and tested it on
Finnish, Swedish and French datasets, annotated with the
CORE schema, the micro F1 scores ranged from 0.61 to
0.69. Here it needs to be noted that they used a large-
sized model which was shown to significantly outperform
the base-sized model used by us (Conneau et al., 2020), and
that they used 8 labels, while we used 12. Considering this,
the results of learning on CORE, mapped to the GINCORE

schema, and testing on SL-GINCORE, which reached 0.60
micro F1 with the base-sized XLM-RoBERTa model, are
promising, showing that mapping to the GINCORE schema
gives comparable results to using the CORE schema.

To obtain a deeper insight into the comparability of the
GINCO and CORE corpora, we can compare how the F1
scores per labels change when we test the model on another
corpus versus when we test it on the same dataset. Figure 3
shows a comparison between the F1 scores per labels for in-
dataset experiments with SL-GINCORE and cross-dataset
experiments from SL-GINCORE to EN-GINCORE, per-
formed with XLM-RoBERTa. An analysis of these ex-
periments, performed with CroSloEngual BERT, confirmed
that differences between label scores occur when learning
with any of the two models, and do not depend on the
model. The same differences in label scores were also ob-
served in experiments where MT-GINCORE is used instead
of SL-GINCORE, which indicates that the language of the
dataset does not seem to have a large impact on the results
per labels.

As shown in Figure 3, the F1 scores for News and
Opinion/Argumentation are almost the same in both setups,
which shows that in regard to these genres, the datasets are
comparable enough for the model to generalize from one
dataset to the other. The F1 scores are significantly lower
in cross-lingual experiments in case of Promotion, Infor-
mation/Explanation, Forum and Instruction. For the labels
that are under-represented in the SL-GINCORE, i.e., labels
that are on the right side of Review in the Figure, it is not
possible to ascertain whether the differences between the
scores are an indicator that the datasets are not comparable
in regard to these labels or that the differences occurred due
to chance.

Figure 3: Comparison of average F1 scores per labels
between in-dataset experiments and cross-dataset experi-
ments with XLM-RoBERTa. The models were trained on
SL-GINCORE, and tested on a) SL-GINCORE (in-dataset
experiments) and b) EN-GINCORE (cross-dataset experi-
ments). Labels are ordered according to their frequency in
the smallest of the datasets, SL-GINCORE.

As in the in-dataset experiments, experiments with the
two Transformer models show that while one dataset com-
bination seems to achieve the best results with one model,
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it performs differently with the other model. These results
once again show the importance of using multiple models
on multiple datasets in the experiments to see whether con-
clusions obtained from experiments with one model are still
supported when using another, yet similar model, and how
the performance of the models depends on the datasets.
While results in terms of micro F1, achieved with XLM-
RoBERTa, point to a conclusion that transfer from SL-
GINCORE to EN-GINCORE achieves better results than
the other direction, macro F1 scores, achieved with XLM-
RoBERTa, and both F1 scores, achieved with CroSloEn-
gualBERT, show transfer direction from English to Slovene
to be better. However, although the EN-GINCORE dataset
is 40 times larger than SL-GINCORE, the transfer from
EN-GINCORE to SL-GINCORE does not achieve signif-
icantly higher results than the transfer in the other direction
when the Slovene dataset is used.

In addition to this, the results show that machine-
translating the dataset into English can in some cases im-
prove the results of cross-lingual experiments. In cases
where the model was trained on the GINCO datasets, i.e.,
SL-GINCORE or MT-GINCORE, and tested on the EN-
GINCORE dataset, the setup with the machine-translated
text achieved slightly lower results than the setup with the
original Slovene dataset, SL-GINCORE, in case of XML-
RoBERTa, and slightly better results in case of CroSlo-
Engual BERT. However, when the transfer was applied in
the other direction, that is, from EN-GINCORE to SL- or
MT-GINCORE, machine translating the test instances from
Slovene into English resulted in improvements of macro F1
scores, achieved with XLM-RoBERTa, and both micro and
macro F1 scores, obtained with CroSloEngual BERT.

5. Conclusions
Following Repo et al. (2021) who showed that good

levels of cross-lingual transfer can be achieved by training
Transformer models on a large English genre dataset and
applying them to datasets in other languages, the goal of
this study was to explore whether it is possible to achieve
similar results on the Slovene genre dataset. The results
revealed to be promising, as despite using a smaller Trans-
former model and a different schema with more labels than
previous work, the results are rather comparable, show-
ing that the English CORE and Slovene GINCO datasets
are comparable enough to allow cross-dataset experiments.
The XLM-RoBERTa scores, which range between 0.6–
0.64 and 0.52–0.66 in terms of micro and macro F1 scores
respectively, are a promising indicator that cross-lingual
transfer could be possible in the automatic genre identifica-
tion task for Slovene as well. Furthermore, high F1 scores
achieved with XLM-RoBERTa in monolingual experiments
show that automatic genre identification is feasible already
with a very small dataset, and that using the GINCORE
schema on all datasets gives good results. Moreover, de-
spite the fact that the CORE dataset is 40 times larger than
the GINCO dataset, it did not provide consistently signifi-
cantly better results than the GINCO dataset in either of the
setups. We plan to analyze this further by exploring what
results can be achieved when smaller portions of CORE are
used for training, and by extending the GINCO dataset to

analyze whether this further improves the results.
As recently developed trilingual Croatian-Slovene-

English CroSloEngual model was shown to be compara-
ble to massively multilingual XLM-RoBERTa model in nu-
merous NLP tasks (see Ulčar et al. (2021)), both mod-
els were used in the experiments to analyze their perfor-
mance in the AGI tasks. The results of both monolingual
and cross-lingual experiments showed that despite achiev-
ing high results in other common NLP tasks, CroSloEngual
BERT seems to be less suitable than XLM-RoBERTa for
automatic genre identification.

To improve monolingual and cross-lingual results, we
also experimented with translating the Slovene GINCO
dataset into English, which is the main language on which
the Transformer models were pre-trained. In regard to
monolingual experiments, there were no consistent results
which would confirm that using an English dataset im-
proves classification. However, when the models were
trained on the English EN-GINCORE and tested on MT-
GINCORE, i.e., a Slovene dataset, machine-translated into
English, this led to improvement of macro F1 scores,
achieved with XLM-RoBERTa, and both micro and macro
F1 scores for CroSloEngual BERT. This means that ma-
chine translating the dataset into the language of another
dataset might be beneficial in cross-lingual cross-dataset
experiments.

Although monolingual and cross-lingual experiments
showed good results also when the models were trained on
SL-GINCORE and MT-GINCORE, consisting of less than
1,000 instances, comparisons of F1 scores, reported for
each label in different runs and setups, showed that some
labels are represented by too few instances to provide reli-
able results. In the future, we plan to extend the GINCO
dataset to assure more reliable results and to further im-
prove the classifiers’ performance.

In addition to this, recent work by Rönnqvist et al.
(2021) showed that multilingual modeling, where the
model was trained on CORE datasets in various languages,
resulted in significant gains over cross-lingual modeling,
where the model was trained solely on the English CORE
dataset. As our research revealed that the CORE and
GINCO labels can be successfully mapped to a joint
schema, in the future, we plan to extend the experiments to
multilingual modeling by training the model on a combina-
tion of all CORE datasets and the Slovene GINCO dataset.
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Abstract: Massive text collections are the backbone of large language models, the main ingredient
of the current significant progress in artificial intelligence. However, as these collections are mostly
collected using automatic methods, researchers have few insights into what types of texts they consist
of. Automatic genre identification is a text classification task that enriches texts with genre labels,
such as promotional and legal, providing meaningful insights into the composition of these large
text collections. In this paper, we evaluate machine learning approaches for the genre identification
task based on their generalizability across different datasets to assess which model is the most
suitable for the downstream task of enriching large web corpora with genre information. We train
and test multiple fine-tuned BERT-like Transformer-based models and show that merging different
genre-annotated datasets yields superior results. Moreover, we explore the zero-shot capabilities
of large GPT Transformer models in this task and discuss the advantages and disadvantages of the
zero-shot approach. We also publish the best-performing fine-tuned model that enables automatic
genre annotation in multiple languages. In addition, to promote further research in this area, we plan
to share, upon request, a new benchmark for automatic genre annotation, ensuring the non-exposure
of the latest large language models.

Keywords: machine learning; text classification; large language models; fine-tuning; automatic genre
identification; text genre; web genre

1. Introduction

The advent of the World Wide Web provided us with massive amounts of text, useful
for information retrieval and the creation of web corpora, which are the basis of many
language technologies, including large language models and machine translation systems.
To be able to access relevant documents more efficiently, researchers have aimed to integrate
genre identification into information retrieval tools [1,2] so that users can specify which
genre are they searching for, e.g., a news article, a scientific article, a recipe, and so on. In
addition, the web has allowed us easy and fast access to a collection of large monolingual
and parallel corpora. Language technologies, such as large language models, are trained
on millions of texts. An important factor for achieving a reliable and good performance
of these models is assuring that the massive collections of texts are of high quality [3].
The automatic prediction of genres is a robust method for obtaining insights into the
constitution of corpora and their differences [4]. This motivates research on automatic
genre identification, which is a text classification task that aims to assign genre labels to
texts based on their conventional function and form, as well as the author’s purpose [5].

The main goal of this paper is to evaluate the out-of-distribution robustness (gener-
alization) of machine learning approaches for text classification in the task of automatic
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genre identification. Our main focus is on the generalizability of the models across dif-
ferent datasets to assess which model is the most suitable for the downstream task of the
automatic annotation of large web corpora with genre information. In summary, this paper
presents the following contributions:

• To improve the generalization abilities of classifiers, we create a new genre dataset by
merging three manually annotated genre datasets based on a new joint schema. We
show that training models on multiple diverse datasets can improve their performance.

• We compare fine-tuned BERT-like Transformer-based models to baseline models
that were commonly used for this task in previous research, such as support vector
machines (SVMs) and the linear fastText [6] model. We show that Transformer-based
language models are state-of-the-art in this task and that earlier machine learning
models have poor capabilities in terms of generalization to new datasets.

• We investigate a promising new approach: classifying texts using recent large instruction-
tuned GPT Transformer-based language models in a zero-shot setting. As the results
reveal it to be a promising approach, we deliberate on the benefits and drawbacks of
using BERT-like and GPT-like large language models for text classification tasks.

• In addition, we publish a freely available multilingual BERT-like Transformer-based
genre classifier that outperforms other models.

• To promote further research, we introduce a publicly available benchmark with a
manually annotated English test dataset: the AGILE (Automatic Genre Identification
Benchmark), which can be accessed at https://github.com/TajaKuzman/AGILE-
Automatic-Genre-Identification-Benchmark (accessed on 6 August 2023).

This paper is organized as follows. In Section 2, we introduce the task of automatic
genre identification, its main challenges, and the machine learning approaches used in
previous works. In Section 3, we present genre-annotated datasets (Section 3.1) and the
models trained and tested on these datasets (Section 3.2). We present baseline models—
models that are not Transformer-based—BERT-like models, fine-tuned on different genre
datasets, as well as recent GPT models, used in a zero-shot fashion. The results are presented
in Section 4. In Section 4.1, we present the performance of the models in the in-domain
scenario. In Section 4.2, we analyze the performance of the models in the out-of-domain
scenario, and in Section 4.3, we add to the comparison of recent large GPT models that are
used in a zero-shot setting. Finally, in Section 5, we conclude this paper with a discussion
of the main findings and suggestions for future work.

2. Background

In this section, we present a brief background regarding the task of automatic genre
identification, encompassing its inherent challenges. We deliver a literature review of
the machine learning experiments reported thus far, which provides a clear overview
of the advantages and disadvantages of various machine learning methods, as well as
an introduction to manually annotated genre datasets used for training and testing the
genre classifiers.

2.1. Impact of Automatic Genre Identification

Having information on the genre of a text is useful for a wide range of fields, includ-
ing information retrieval, information security, natural language processing, and general,
computational and corpus linguistics. While some of the fields mainly base their research
on texts that are already annotated with genres, two fields place a greater emphasis on
the development of models for automatic genre identification: information retrieval and
computational linguistics. With the advent of the World Wide Web, unprecedented quanti-
ties of texts became available for querying and collecting. Due to the high cost and time
constraints associated with manual annotation, researchers turned their attention toward
developing models for automatic genre identification. This approach enables the effort-
less enrichment of thousands of texts with genre information. The majority of previous
works [1,2,7–12] focused on developing models from an information retrieval standpoint.
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Their objective was to integrate genre classifiers into information retrieval tools, using
genre as an additional search query criterion to enhance the relevance of search results [13].

Automatic genre identification has also been researched in the field of computational
linguistics, specifically in connection with corpora creation, curation, and analysis. Collect-
ing texts from the web is a rapid and efficient method for gathering extensive text datasets
for any language that is present on the web [14]. However, due to the automated nature
of this collection process, the composition of web text collections remains unknown [15].
Thus, several previous studies [16–19] researched automatic genre identification with the
goal of enriching web corpora with genre metadata. While information retrieval studies
mainly focused on a smaller specific set of categories, deemed to be relevant to the users
of information retrieval tools, computational linguistics studies focused on developing
sets of genre categories that would be able to cover the diversity of genres found on the
web. Our paper continues with this line of research, with the aim of providing a genre
classifier that can be applied to any text to enrich large web corpora with genre information.
This information could provide insights into the textual diversity within the corpora and
facilitate genre-based filtering of the collected data. This results in improving the usability
of web corpora for corpora linguistics studies, as well as for natural language processing
(NLP) applications. Researchers can leverage genre information to select suitable texts for
training large language models or employ genre-aware methods for improving NLP tasks,
as was done for part-of-speech tagging [20], zero-shot dependency parsing [21], machine
translation [22], and the assessment of credibility in web documents [23].

2.2. Challenges in Automatic Genre Identification

To be able to use an automatic genre classifier for the end uses described in the previous
subsection, it is crucial that the classifier is robust, that is, it is able to generalize to new
datasets. While numerous studies have focused on developing automatic genre classifiers,
they were “self-contained, and corpus-dependent” [24]. Most studies reported the results
of automatic genre identification based solely on their own datasets, annotated with a
specific genre schema. This hinders any comparison between the performance of classifiers
from different studies, either in in-dataset or cross-dataset scenarios. In 2010, a review
study encompassed all the main genre datasets developed up to that time [1,2,7,16,25,26]. It
showed that if we train a classifier on the training split and evaluate it on the test split from
the same genre dataset, the results show a rather good performance of the model. However,
cross-dataset comparisons, that is, testing the classifiers on a different dataset, revealed
that the classifiers are incapable of generalizing to a novel dataset [27]. The applicability of
these models for end use is thus questionable.

To address concerns regarding classifier reliability and generalizability, in the past
decade, researchers have invested considerable effort in refining genre schemata, genre an-
notation processes, and dataset collection methods [17,19,28–30]. These studies addressed
the difficulties with this task, which impact both manual and automatic genre identification.
The main challenges identified were (1) varying levels of genre prototypicality in web texts,
(2) the presence of features of multiple genres in one text, and (3) the existence of texts that
might not have any discernible purpose or features [1,31].

Recently, three approaches have proposed genre schemata specifically designed to
address the diversity of web corpora: the schemata of the English CORE dataset [17], the
Slovenian GINCO dataset [19], and the English and Russian Functional Text Dimensions
(FTD) datasets [28]. All of them use categories that cover the functions of texts, and some
of the categories have similar names and descriptions, which suggests that they might be
comparable. This question was partially addressed by Kuzman et al. [32] who explored
the comparability of the CORE and GINCO datasets by mapping the categories to a joint
schema and performing cross-dataset experiments. Despite the datasets being in different
languages, the results showed that they are comparable enough to allow cross-dataset
and cross-lingual transfer. Similarly, Repo et al. [33] reported promising cross-lingual and
cross-dataset transfer when using the CORE dataset and Swedish, French, and Finnish
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datasets annotated with the CORE schema. Training a classifier on multiple datasets
not only improves its cross-lingual capabilities but also assures better generalizability to
a new dataset by mitigating topical biases [34]. This is important since, in contrast to
topic detection, genre classification should not rely solely on lexical information such as
keywords. The classification of genre categories necessitates the identification of higher-
level patterns embedded within the texts, which often stem from textual or syntactic
characteristics that are not directly linked to the specific topic addressed in the document.

2.3. Machine Learning Methods for Automatic Genre Identification

The machine learning results reported in the existing literature are dependent on a
specific dataset that the researchers used for training and testing the classifier, a machine
learning technology of their choosing, and are reported using different metrics. Thus, it
remains unclear which machine learning method is the most suitable for automatic genre
identification, especially in regard to its generalizability to novel datasets.

In previous research, the choice of machine learning model was primarily determined
by the progress achieved in developing machine learning technologies up to that partic-
ular point in time. Before the emergence of neural networks, the most frequently used
machine learning method for automatic genre identification was support vector machines
(SVMs) [27,35–37], which continues to be valuable for analyzing which textual features are
the most informative in this task [38,39]. Other non-neural methods, including discrimi-
nant analysis [40,41], decision tree classifiers [8,42], and the Naive Bayes algorithm [10,40],
were also used for genre classification. Multiple studies searched for the most informative
features in this task. They experimented with lexical features (words, word or charac-
ter n-grams), grammatical features (part-of-speech tags) [31,38], text statistics [8], visual
features of HTML web pages such as HTML tags and images [43–45], and URLs of web
documents [10,46,47]. However, the results for the discriminative features varied across
studies and datasets. One noteworthy limitation of non-neural models lies in their reliance
on feature selection, which necessitates a new exploration of suitable features for every
genre dataset and machine learning method. Furthermore, as the choice of features relies
heavily on the dataset, this hinders the model’s ability to generalize to new datasets or
languages [48].

Then, the developments in the NLP field shifted the focus to neural networks, which
showed very promising performance in this task. One of the main advantages of these
models is that their architecture involves a machine-learned embedding model that maps
a text to a feature vector [48]. Thus, manual feature selection was no longer needed.
Traditional methods were outperformed in this task by the linear fastText [6] model [49].
However, its performance diminishes when confronted with a small dataset encompassing
a larger set of categories [19].

This is where deep neural Transformer-based BERT-like language models proved to
be extremely capable, surpassing the fastText model by approximately 30 points in micro-
and macro-F1 [19]. Transformer is a neural network architecture, based on self-attention
mechanisms, which significantly improve the efficiency of training language models on
massive text data [50]. Following the introduction of this groundbreaking architecture,
numerous large-scale Transformer-based Pre-Trained Language Models (PLMs) arose.
PLMs can be divided into autoregressive models, such as GPT (Generative Pre-Trained
Transformer) [51] models, and autoencoder models, such as BERT (Bidirectional Encoder
Representations from Transformers) [52] models [48]. The main difference between them is
the method used for learning a textual representation: while autoregressive models predict
a text sequence word by word based on the previous prediction, autoencoder models
are trained by randomly masking some parts of the text sequence or corrupting the text
sequence by replacing some of its parts [48]. While autoregressive models have been mainly
used for generative tasks, autoencoder models have demonstrated remarkable capabilities
when fine-tuned to categorization tasks, including automatic genre identification. Thus,
some recent studies have used BERT-like Transformer-based language models, which were
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pre-trained on massive amounts of text collections and fine-tuned on genre datasets. These
models were shown to be capable of achieving good results even when trained on only
around a thousand texts [19] and provided with only the first part of the documents [53].
Models trained on approximately 40,000 instances and models trained on only a few
thousand instances have demonstrated comparable performance [32,33]. These results
indicate that massive amounts of data are no longer essential for the models to acquire the
ability to differentiate between genres. Additionally, fine-tuned BERT-like models have
exhibited promising performance in cross-lingual and cross-dataset experiments [32,33,54].

Among the available monolingual and multilingual autoencoder models, the multi-
lingual XLM-RoBERTa model [55] has proven to be the most appropriate for the task of
automatic genre identification. It has outperformed other multilingual models and achieved
comparable or even superior results to monolingual models [32,33,54]. Nevertheless, de-
spite the superior performance exhibited by fine-tuned BERT-like Transformer models, a
considerable proportion of instances—up to a quarter—continue to be misclassified. The
most recent in-dataset evaluations of fine-tuned BERT-like models on the CORE [17] and
GINCO [19] datasets yielded micro-F1 scores ranging from 0.68 to 0.76 [19,33,53]. This
demonstrates that this text categorization task is much more complex than tasks that mainly
depend on lexical features such as topic detection, where the state-of-the-art BERT-like
models achieve an accuracy of up to 0.99 [48].

While BERT-like models demonstrate exceptional performance in this task, they still
require fine-tuning using a minimum of a thousand manually annotated texts. The process
of constructing genre datasets presents several challenges, which involve defining the
concept of genre, establishing a genre schema, and collecting instances to be annotated.
Additionally, it is crucial to provide extensive training to annotators to ensure a high
level of inter-annotator agreement. Manual annotation is a resource-intensive endeavor,
demanding substantial time, effort, and financial investment. Furthermore, despite great
efforts to assure reliable annotation, inter-annotator agreement in annotation campaigns
often remains low, consequently impacting the reliability of the annotated data [1,17,30].

Recent advancements in the field have shown that using instruction-tuned GPT-like
Transformer models, more specifically, GPT-3.5 and GPT-4 models [56], prompted in a zero-
shot or a few-shot setting, could make these large manual annotation campaigns redundant,
and only a few hundred annotated instances would be needed for testing the models. These
recent GPT models have been optimized for dialogue based on reinforcement learning with
human feedback [57]. While they were primarily designed as a dialogue system, there has
recently been a growing interest among researchers in investigating their capabilities in
various NLP tasks such as sentiment analysis, textual similarity, natural inference, named-
entity recognition, and machine translation. While some studies have shown that the
GPT-3.5 model was outperformed by the fine-tuned BERT-like large language models [58],
it exhibited state-of-the-art results in stance detection [59], high performance in implicit
hate speech categorization [60], and competitive performance in machine translation of
high-resource languages [61]. Building upon these findings, a recent pilot study [62]
explored its performance in automatic genre identification. The study used the model
through the ChatGPT interactive interface, as at the time of the research, the model was not
yet available through an API. Used in a zero-shot setting, the performance of the GPT-3.5
model was compared to that of the XLM-RoBERTa model [55], fine-tuned on genre datasets.
Remarkably, the GPT-3.5 model outperformed the fine-tuned genre classifier and exhibited
consistent performance, even when applied to Slovenian, an under-resourced language.
Furthermore, OpenAI has recently introduced the GPT-4 model, which was shown to
outperform the GPT-3.5 model family and other state-of-the-art models across a range of
NLP tasks [63]. These findings suggest the significant potential of using GPT-like language
models for automatic genre identification.
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3. Materials and Methods

In this section, we introduce the manually annotated genre datasets, which are pre-
sented in Section 3.1. They are used for training and testing the genre classifiers, which are
presented in Section 3.2.

3.1. Genre Datasets

In the experiments, we use five manually annotated datasets in two languages—
English and Slovenian.

In Section 3.2.2, we experiment with training and testing pre-trained BERT-like models
on three previously existing genre datasets, each using their own genre schema:

• The English Functional Text Dimensions (FTD) dataset [28];
• The Corpus of Online Registers of English (CORE) dataset [17];
• The Slovenian Genre Identification Corpus (GINCO) dataset [19].

We chose these datasets as they aim to represent the entire diversity of genres found on
the web, which is aligned with our goal. While there exist multiple other genre-annotated
datasets, they were not included in our experiments due to one or more of the following
reasons: (1) they were collected with a different aim and consist of a small set of specific
genres that do not cover the diversity of genres found on the web (e.g., the Genre-KI-04 [1]
and the 7-Web Genre Collection [26] datasets); (2) they are not available (e.g., 20-Genre
Collection (MGC) [2], Hierarchical Genre Collection (HGC) [7], SANTINIS-ML [64] and
Leeds Web Genre Corpus [29]); and (3) they are not in the English or Slovenian languages
(e.g., the French FreCORE and Swedish SweCORE datasets [65], the Finnish FinCORE
dataset [66], and the Russian LiveJournal [34] and FTD datasets [28]). In this paper, we
limit our multilingual experiments to two languages to obtain controlled insights into the
models’ multilingual capabilities. In future work, we plan to extend our experiments to
additional languages.

In addition, in this paper, we introduce two newly created datasets:

• The English and Slovenian X-GENRE dataset, which consists of samples from the FTD,
CORE, and GINCO datasets, and introduces the X-GENRE schema that merges the
schemata from previous datasets into one single schema;

• The English EN-GINCO test set, which was manually annotated with the X-GENRE
schema.

Lepekhin and Sharoff (2022) [34] demonstrated that combining datasets improves
performance, and previous experiments have demonstrated some level of compatibility
between the GINCO and CORE datasets [32]. Following these findings, we combine the
FTD, GINCO, and CORE datasets into a new multilingual genre dataset to improve the
generalizability of the trained models. The X-GENRE dataset thus consists of three datasets
in two languages collected from different sources, in different time periods, and using
different collection methods. To analyze the in-domain performance of various machine
learning methods, we train and test the classifiers on this dataset. In addition, we introduce
a new test set (EN-GINCO) to analyze the out-of-domain robustness of the classifiers. The
X-GENRE and EN-GINCO datasets are also suitable for the evaluation of the performance
of the recent GPT models, as the annotations have never been published on the web. This
ensures that the results cannot be impacted by a data leakage between the GPT-3.5 and
GPT-4 training and test sets.

Table 1 presents an overview of the genre datasets that were used in our experiments.
The datasets are described in more detail in the following subsections and in Appendix A.
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Table 1. A comparison of genre datasets, on which we fine-tune and evaluate XLM-RoBERTa models,
in terms of language, number of genre labels, and number of texts (further divided into training,
evaluation, and test splits).

Dataset (Lang) Labels Texts (Train-Dev-Test)

CORE-main (EN) 9 17,094 (10,256-3419-3419)
CORE-sub (EN) 37 15,895 (9537-3179-3179)

GINCO-reduced (SL) 17 965 (579-193-193)
GINCO-downcast (SL) 9 1002 (601-201-200)

FTD (EN) 10 1415 (849-283-283)
X-GENRE (SL + EN) 9 2956 (1772-592-592)

EN-GINCO (EN) 9 272 (test only)

3.1.1. Genre Datasets from Previous Works

The CORE dataset [17] consists of 48,420 English web texts. It is annotated with a two-
level hierarchical schema, consisting of 8 main categories and 47 more specific subcategories
(see Appendix A for more information on the text collection and annotation procedure).
To use the dataset in the single-label classification task, we conduct separate experiments
using each annotation level independently. Moreover, our preliminary experiments and the
findings of Laippala et al. (2022) [53] show that the model’s performance reaches a plateau
and exhibits no significant improvements beyond the utilization of 30% of the available
CORE instances. Following these findings, we opt to use a subset consisting of 40% of
the CORE dataset. When extracting the subset, we perform a stratified split to ensure the
preservation of the original label distribution. Thus, the final versions of CORE that we use
in the experiments are as follows:

• CORE-main: a sample of the CORE dataset, consisting of 17,094 texts. For labels, we
use the 9 CORE main categories.

• CORE-sub: a sample of the CORE dataset, comprising 15,895 texts, annotated with
CORE subcategories. We only use labels that are represented by more than 10 instances,
resulting in the final label set of 37 categories.

The GINCO dataset [19] consists of 1002 Slovenian web texts. The dataset was
manually annotated with 24 genre categories from the GINCO schema (see Appendix A for
more information on the text collection and annotation procedure). The GINCO schema is
based on the subcategory level of the CORE schema but has a lower granularity of categories
to facilitate manual annotation and improve the performance of the genre classifiers. Based
on the findings reported in a previous study [19], which highlight that the performance of
the classifiers could be further enhanced by applying some modifications to the GINCO
schema, we experiment with two versions of the GINCO dataset:

• GINCO-reduced: only labels, represented with more than 10 instances, are used.
This intervention amounts to 37 discarded texts. The final dataset has 17 labels and
965 texts.

• GINCO-downcast: the original GINCO labels are merged into 9 broader categories,
and no texts are discarded.

The English FTD dataset [28] consists of 1562 texts. The annotation employed a multi-
label approach, where the presence of labels was evaluated on a scale ranging from 0 to 2
(see Appendix A for more details on the text collection and annotation procedure). The
dataset, which we use for the experiments, is annotated with 10 genre categories and an
“unsuitable” category. To use the multi-label schema for a single-label classification, texts
annotated with a 2 (from a scale from 0 to 2) are considered as belonging to that particular
category. For the experiments, we discard texts belonging to multiple labels and texts
annotated as “unsuitable”. Thus, the final dataset used in our experiments consists of
1415 instances annotated with 10 labels.
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3.1.2. Newly Introduced Genre Datasets

In line with previous works, which demonstrated improved performance when a
model was trained on multiple datasets [34], even in multiple languages [33,54], we create
a novel genre dataset by merging three commonly used datasets. The X-GENRE dataset
consists of 2956 instances, out of which:

• 893 texts are from the Slovenian GINCO [19] dataset;
• 1050 texts are from the English FTD [28] dataset;
• 1013 texts are sampled from the English CORE [17] dataset.

The three genre datasets use distinct genre schemata with different label names and
label set granularity. Thus, to merge them, it is necessary to develop a joint schema. Certain
label names may suggest that they could be directly mapped, e.g., A7 (instruction) (FTD),
Instruction (GINCO), and How-To (CORE subcategory). However, the texts associated with
these labels do not necessarily possess comparable genre characteristics. The labels from
different datasets could be defined differently in the annotation guidelines, and there might
be additional variations in how the annotators interpreted them. This is why we opt for
a data-based approach: we train separate genre classifiers on the FTD dataset, GINCO-
downcast dataset, and CORE-sub dataset, as described in Section 3.2.2. Then, we apply
each classifier to the other two datasets and analyze, for each dataset, how frequently a true
label from one schema matches a label predicted by a classifier that was trained on the other
dataset and its schema. For instance, we apply the FTD classifier—a classifier, fine-tuned
on the FTD dataset—on the GINCO dataset, and analyze the frequency of matches between
the GINCO true labels and FTD predicted labels. Some labels of each of the datasets were
found to be dispersed across multiple categories in the other dataset and could not be
mapped to a single label. We thus discard these labels and do not use texts annotated
with them in the final X-GENRE dataset. The final joint schema, named the X-GENRE
schema, comprises 9 labels, which cover 22 of the original 24 GINCO categories, 8 of the
10 original FTD categories, and 22 out of the 47 CORE subcategories. The final X-GENRE
labels are Information/Explanation, Instruction, Legal, News, Opinion/Argumentation, Promotion,
Prose/Lyrical, Forum, and Other (for more details, see the definitions of the labels in Table A1
in Appendix A). The mapping of the schemata to the joint schema is shown in Figure 1.

The merged dataset has multiple advantages:

• As it consists of multiple datasets, it provides a greater variety of instances, conse-
quently enhancing the generalization capabilities of models trained on the dataset.

• It consists of two languages and allows the analysis of the multilingual performance
of genre classifiers.

• Its English component outweighs the Slovenian component, representing two-thirds of
the instances. This is an additional advantage of the dataset, as it allows us to examine
the performance of models when confronted with a high-coverage language (English)
in contrast to an under-resourced language—a language that is less represented in the
data (Slovenian).

In supervised machine learning, it is customary to partition a dataset into three distinct
subsets: training, evaluation, and testing. The training split is used to train the model,
whereas the test split is employed to evaluate its performance. It is crucial that these
splits are non-overlapping, meaning that no instance appears in more than one split. This
ensures that the model’s ability to generalize to new instances is assessed, rather than its
capacity to simply memorize the instances in the training split. We assess the models in
both in-domain and out-of-domain scenarios. In the case of the in-domain experiments, the
models are trained and tested on splits derived from the same dataset. In contrast, in the
out-of-domain experiments, the models are trained on one dataset and tested on another.
The evaluation split is used to evaluate the model’s performance when searching for the
optimal hyperparameters for training. All the models, compared in Section 4, are trained on
the training subset and tested on the test subset of the X-GENRE dataset (for the in-domain
experiments). The X-GENRE dataset is split into training, evaluation, and testing sets in a
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60:20:20 manner (1772:592:592 texts). Stratified splitting is employed to ensure a consistent
label distribution across all subsets. In addition, we maintain an equal representation
of instances from the FTD, CORE, and GENRE datasets within each split to preserve a
consistent distribution of English and Slovenian instances throughout the subsets.

Figure 1. A diagram showing how labels from the FTD [28] (first column), GINCO [19] (third
column), and CORE [17] (fourth column) schemata are mapped to the new joint X-GENRE schema
(second column).

The EN-GINCO test set is prepared with the goal of testing the out-of-domain perfor-
mance of the models. The test set consists of 272 English texts. They are sampled from the
English web corpus enTenTen20 [67] and annotated by two expert annotators. The EN-
GINCO dataset uses the same schema as the X-GENRE dataset, which enables testing
classifiers, trained on the X-GENRE dataset, in an out-of-distribution scenario (the differ-
ences between the label distributions in the datasets are shown in Table A2 in Appendix A).

Although the texts from the X-GENRE and EN-GINCO datasets originate from the
web, the annotations have not been published, which makes the datasets suitable for the
evaluation of GPT-3.5 and similar models, as it is certain that these labeled datasets were
not included in the model’s training data.

3.2. Models

In this subsection, we present the machine learning architectures that we compare in
the in-domain and out-of-domain experiments:

• Dummy classifier;
• Naive Bayes classifier;
• Support Vector Machine (SVM);
• fastText shallow neural model;
• Multilingual Transformer-based base-sized XLM-RoBERTa model;
• Autoregressive instruction-tuned GPT-3.5 and GPT-4 models.

In Section 3.2.1, we present the machine learning technologies that precede the Trans-
former models. These technologies serve as our baseline models for comparison. In
Section 3.2.2, we conduct an evaluation of the XLM-RoBERTa models, fine-tuned on vari-
ous genre datasets, presented in Section 3.1. Our objective is to ascertain the genre dataset
that yields the optimal performance in this task. The best-performing model is selected
for the in-domain and out-of-domain experiments, as described in Section 4. Finally, in
Section 3.2.3, we present the GPT-3.5 and GPT-4 models, which are instruction-based and
do not necessitate fine-tuning on a genre dataset.
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3.2.1. Baseline Models

A significant portion of the existing literature on automatic genre identification pre-
dominantly relies on non-Transformer-based machine learning methods, primarily due to
the unavailability of Transformer models during the time of research. Consequently, we
incorporate these non-Transformer models into our comparative analysis, allowing us to
gain insights into their efficacy in relation to the state-of-the-art Transformer models in
various scenarios, including in-domain, out-of-domain, and multilingual contexts. We use
the following models, provided through the Scikit-Learn library [68]:

• Dummy Classifier: The model serves as a simple baseline to reveal what the model’s
performance would be without being trained on the labeled texts. The classifier uses
the stratified strategy, which means that the predictions are based on the information
on the label distribution in the training data.

• Naive Bayes Classifier: This probabilistic machine learning algorithm learns the
statistical relationships between the words present in the documents, also taking
into account their frequency and the corresponding genre categories. We use the
complement Naive Bayes implementation, which is particularly suited to imbalanced
multi-class datasets [69].

• Logistic Regression Classifier: This algorithm models the relationship between the
features (words) and the probability of belonging to a category using a logistic function.
The cross-entropy loss is used to determine the most probable class. We use the
implementation based on the limited-memory BFGS (L-BFGS) solver [70], which is
suitable for addressing the complexities of multi-class classification.

• Support Vector Machine (SVM): The SVM model is a linear classifier that determines
the boundaries between classes in the form of a separating hyperplane. Its efficacy is
particularly notable in high-dimensional spaces, making it highly applicable in the
context of text categorization tasks, where the feature set can encompass the entire
dataset vocabulary. SVMs have successfully been applied in multiple automatic genre
identification studies [27,36,38,39], achieving a micro-F1 of up to 0.75 on the subset of
the CORE dataset [38]. In this study, we employ the SVC implementation with the
linear kernel, which supports multi-class categorization.

In addition to the non-neural models, we experiment with the fastText model [6],
which is a shallow neural network. The model has one hidden layer, where the word em-
beddings are created and averaged into a text representation. The document representation
is then fed into a linear classifier, which predicts the genre labels.

As is common in text categorization tasks, the inputs to the models are documents
(text strings), along with their target labels. Neural models do not require any feature
selection but represent the entirety of the textual information. This is why we also do
not perform feature selection in the case of non-neural models, and we use the lexical
text representation—words in running text—as features. The non-neural models require
a numeric representation of the documents as input. Thus, we represent the documents
using the TF-IDF (Term Frequency–Inverse Document Frequency) algorithm. This method
represents the document as a vector with values for all words in the dataset. It assigns a
higher weight to words occurring more frequently in a small number of texts and a lower
weight to words that are present in a large number of texts. The algorithm is implemented
as a TfidfVectorizer in the Scikit-Learn library [68].

We perform a hyperparameter search for all the models to ensure that the optimal
hyperparameters are used (see Appendix B for more details on the hyperparameters). The
models are trained on the training split of the X-GENRE dataset.

3.2.2. Fine-Tuned XLM-RoBERTa Models

To evaluate the performance of the fine-tuned autoencoder models in this task, we use
the massively multilingual XLM-RoBERTa model [55], which is available on the Hugging
Face model repository (https://huggingface.co/xlm-roberta-base (accessed on 30 Novem-
ber 2022)). Prior studies that compared multiple monolingual and multilingual models
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identified this particular model as the most suitable model for the task of automatic genre
identification [32,33,54]. The XLM-RoBERTa model is a Transformer-based large language
model that was pre-trained with the masked language modeling objective, where some of
the words in the text are masked and the model is trained to predict the correct word. A
Transformer is a neural network architecture, which includes self-attention mechanisms
that significantly improve its performance on massive text data [50]. The XLM-RoBERTa
model was pre-trained on the CommonCrawl multilingual data [52], which comprise
167 billion tokens in 100 languages, out of which Slovenian is represented by 1.7 billion
tokens. We use the base-sized model that has 12 hidden layers and 768 hidden states. To
use the pre-trained model for automatic genre identification, we fine-tune it on a genre
dataset using the Simple Transformer library (available at https://simpletransformers.ai/
(accessed on 30 November 2022)) on an NVIDIA V100 GPU. The input to the model is run-
ning text, which is transformed into an initial numerical representation using the model’s
tokenizer and embedding model. No additional pre-processing of the input text or feature
selection is performed.

To investigate which genre dataset provides the best results, we conduct experiments
involving fine-tuning the XLM-RoBERTa model on various genre datasets, namely the
FTD [28] dataset, the CORE [17] dataset, the GINCO [19] dataset, and our newly prepared
X-GENRE dataset. We use two versions of the GINCO dataset and two versions of the
CORE dataset. GINCO-downcast and GINCO-reduced share the same instances but are
labeled with different simplifications of the original GINCO schema. Likewise, CORE-sub
and CORE-main are derived from the CORE dataset, with labeling based on either the
main CORE labels or the CORE subcategories. For more details on the datasets, refer to
Section 3.1.

The datasets are split into training, evaluation, and testing subsets in a 60:20:20 manner,
and the subsets are stratified based on the label distribution. We perform a hyperparameter
search for each model, where we train it on the training split and evaluate it on the evalua-
tion split. More details on the final hyperparameters used are described in Appendix B.

Table 2 compares the XLM-RoBERTa models, fine-tuned on different genre datasets.
The models are evaluated on the test split using the micro-F1 and macro-F1 metrics to
measure the instance- and class-level performance. The evaluation of the models is con-
ducted in an in-dataset scenario, where each model is tested on the test split that comes
from the same dataset as the training split used for fine-tuning. As the genre datasets are
labeled with different genre schemata, this means that the models are trained and tested
using different category sets. The results show that the best-performing model is the one
fine-tuned on the X-GENRE dataset, which consists of instances from the FTD, CORE,
and GINCO, merged based on a joint schema. This outcome supports our hypothesis that
training genre models on multiple datasets improves the results, which is also consistent
with the earlier findings by Repo et al. (2021) [33] and Lepekhin and Sharoff (2022) [34].
The model fine-tuned on the X-GENRE dataset achieves a micro-F1 score of 0.80 and a
macro-F1 score of 0.79.

The FTD and GINCO-downcast datasets also demonstrate suitability for automatic
genre identification, with micro- and macro-F1 scores above 70. The results based on
the GINCO-downcast dataset also reveal a remarkable ability of the multilingual XLM-
RoBERTa model to classify Slovenian texts, despite Slovenian representing a very small
portion of the XLM-RoBERTa pre-training dataset. The model trained on the English FTD
dataset achieves micro- and macro-F1 scores of only one to two points higher than those
achieved by the model trained on the Slovenian GINCO dataset, whereas the model trained
on the CORE-main dataset achieves high micro-F1 and macro-F1 scores of 0.62, indicating
its limitations in identifying less frequent categories. This discrepancy can be attributed to
the significant class imbalance present in the CORE-main dataset—although the dataset
is labeled with 9 categories, more than 90% of instances fall under the 5 most frequent
categories. The difference between the datasets in terms of category distribution is shown
in Figure 2.
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Table 2. In-domain results of various XLM-RoBERTa-based genre classifiers, fine-tuned on different
genre datasets and their own schemata. The models are trained on the training split and evaluated
on the test split from the same dataset. The results are ordered based on the macro-F1 scores.

Dataset (No. of Labels) Micro-F1 Macro-F1

X-GENRE (9) 0.80 0.79
FTD (10) 0.74 0.74

GINCO-downcast (9) 0.73 0.72
CORE-main (9) 0.75 0.62

GINCO-reduced (17) 0.59 0.47
CORE-sub (37) 0.66 0.39

Additionally, the results in Table 2 highlight that a higher granularity of a genre
schema has an adverse effect on genre classification. The GINCO-reduced dataset, labeled
with 17 categories, achieves 14 points less in the micro-F1 score and 25 points less in the
macro-F1 score than the GINCO-downcast dataset, which uses 9 labels. Similarly, the
CORE-sub dataset, comprising 37 genre categories, is shown to be unsuitable for training
genre classifiers, as the model achieves a mere 0.39 in terms of the macro-F1 score, indicating
an inability to differentiate between such a large number of labels, particularly the less
frequent ones.

Figure 2. The comparison of category distributions in genre datasets in terms of percentages of
instances belonging to each category, from the most frequent category (1st category) to the least
frequent one.

As the results show that the X-GENRE dataset is the most suitable for modeling genres,
we use this dataset for the comparison between different machine learning models in the
in-domain and out-of-domain scenarios presented in Section 4.

3.2.3. Instruction-Tuned GPT Models

To analyze the performance of GPT models in this task, we use the recent GPT-
3.5 [56] and GPT-4 [63] models, provided by OpenAI, which have shown very competitive
performance in various categorization tasks [59–63]. Generative Pre-Trained Transformer
language models (GPTs) are pre-trained to predict the next token in a text. The GPT-3.5
and GPT-4 models are said to be trained on massive multilingual web text collections;
however, the details of the datasets are not available. After pre-training, the models were
fine-tuned to follow instructions with additional data based on the reinforcement learning
with human feedback [57] algorithm. More precisely, the models were first fine-tuned
on a dataset of prompts and human-generated answers. After fine-tuning, a new dataset
was created, consisting of a sample of prompts and multiple answers provided by the
models for each prompt. The annotators then rated the models’ answers based on their
suitability. The models’ performance was then optimized based on a reward model, which
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was trained to predict which of the outputs was rated the highest by humans. The reward
function was optimized with reinforcement learning using the proximal policy optimization
algorithm [71].

The GPT-4 model represents a more recent iteration of the large GPT models, incor-
porating further optimization methods during the post-training alignment process. The
primary objective of these improvements is to enhance the quality and accuracy of the
model’s responses, surpassing those of its predecessor, GPT-3.5, while also ensuring greater
stability of its behavior [63]. The model has been shown to outperform the GPT-3.5 model
and other large language models in various NLP tasks, including commonsense reason-
ing [63]. Furthermore, the GPT-4 model is multimodal, meaning that it can process both
text and image inputs. The developers of the GPT-3.5 and GPT-4 models have not disclosed
any further details regarding the training methods, datasets, or architectures employed.

For the experiments, we use the GPT-3.5 Turbo and GPT-4 models and the chat
completion endpoint through the OpenAI API. The models are used in a zero-shot fashion,
meaning that we prompt the models as they are and do not fine-tune them on the X-GENRE
dataset, in contrast to the other models in the comparison. At the same time, the models do
receive some context on the automatic genre identification task via our prompting. The
prompt consists of the instruction “Please classify the following text according to genre (defined
by function of the text, author’s purpose and form of the text). You can choose from the following
classes: News, Legal, Promotion, Opinion, Instruction, Information, Literature, Forum, Other.
The text to classify:”, as well as the text from the EN-GINCO or X-GENRE datasets to be
classified (an instance of the prompt is provided in Appendix C). The X-GENRE dataset
also contains Slovenian instances. In these cases, the instruction remains the same (written
in English), while the text to be classified is provided in Slovenian in its original form. The
models have a limitation on the number of tokens from the prompt and the completion
that can be processed for one request so the texts are truncated to the first 200 words. The
prompt uses the X-GENRE labels; however, we shorten some of the label names to one
word that consists of only one token to facilitate the parsing of the models’ outputs. The
details of the hyperparameters used are described in Appendix B.

One of the disadvantages of the GPT-3.5 and GPT-4 models is that as generative
models, they are not constrained to output a label from a predefined genre set. This
requires careful construction of the prompt to minimize the occurrence of extraneous
labels. In addition, we post-process the results to ensure consistency with the original
label set. Specifically, we correct the predicted labels that are very similar to the original
labels, e.g., “Other(” to “Other”, “Instruction/” to “Instruction”, and so on. In addition,
predictions not belonging to the label list, such as Interview, Condolence, Religious, and Policy,
are consolidated under the label Other. However, it is important to note that the incidence
of such cases was relatively low. Across all the experiments conducted on the EN-GINCO
and X-GENRE test splits, the GPT-3.5 model generated 13 labels that were not part of the
original label list, and they were assigned to a total of 30 texts, constituting a mere 3% of
both datasets combined. Conversely, the occurrence of this issue was less frequent with
the GPT-4 model, which generated 5 labels outside the label set. These occurrences were
observed in 7 cases, which represents 0.8% of instances from both datasets.

4. Results

In this section, we present the results of the in-domain, out-of-domain, and zero-shot
experiments. In the in-domain scenario, outlined in Section 4.1, the models are trained on
the training split of the X-GINCO dataset and tested on the test split of the same dataset.
These experiments aim to evaluate the performance of the models inside the same dataset
and reveal important differences between the capacities of the models. The X-GENRE
dataset encompasses instances in two languages, namely English and Slovenian. Thus,
it enables a comparison of the models’ performance between a high-resource language,
predominantly represented in the dataset, and a low-resource language.
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In Section 4.2, we investigate the performance of the models in the out-of-domain
scenario. This assessment sheds light on their generalization ability, also known as out-of-
distribution performance or robustness. We use the same models as in Section 4.1, that is,
the models, trained on the X-GINCO dataset. However, in this case, the models are tested
on a novel dataset—the EN-GINCO dataset. In addition, in Section 4.3, we expand our
analysis by incorporating a novel approach to text categorization, employing GPT models
guided by instructions in the form of prompts. As these models were not specifically
trained on a genre dataset, we regard their performance as zero-shot.

Across all three scenarios, we assess the models’ performance using the following
common evaluation measures for text classification tasks [72]: accuracy, micro-F1 score, and
macro-F1 score. One should note that accuracy is less informative in the case of imbalanced
datasets, which is a characteristic of most genre datasets (see Section 3.1). However, we
include accuracy to enable comparison with previous studies [27,73,74]. The main metrics
used for reporting the results are the micro- and macro-F1 scores. The micro-F1 score
considers the global recall and precision across categories and thus reports the classifiers’
per-instance performance. Consequently, it is more influenced by the most frequent label.
This is why the main metric on which we base the interpretation of the results is the
macro-F1 score. This measure is computed using the arithmetic mean of the per-class F1
scores. Thus, it shows the classifiers’ performance across labels and is not influenced by the
label distribution.

For the classifiers to be applicable to new data, it is crucial that they are able to reliably
classify all the classes in the label set. Thus, we emphasize the macro-F1 scores, as they
provide insights into the models’ performance at the class level. McNemar’s test [75]
is employed to assess the statistical significance of the differences between the two top-
performing models in each scenario. Rather than comparing their accuracy rates, this
test focuses on whether the models exhibit the same level of disagreement by examining
situations where one model is correct but the other is not. This particular statistical test is
chosen due to its suitability in evaluating deep learning models for which multiple runs of
experiments would be computationally expensive [76].

4.1. In-Domain Performance

Table 3 shows the performance of the baseline models and the fine-tuned XLM-
RoBERTa model in the in-dataset scenario. This means that the models trained on the
training split of the X-GENRE dataset are tested on the test split from the same dataset.
As shown in the table, the fine-tuned XLM-RoBERTa model achieves a micro-F1 score of
0.80 and a macro-F1 score of 0.79, significantly outperforming the baseline classifiers. We
assess the statistical significance of the difference between the XLM-RoBERTa model and
the second-best performing model, the Logistic Regression classifier, using McNemar’s test.
The results indicate that the observed difference is statistically significant, with a p-value
below 0.0005. Most of the baseline models, that is, the Logistic Regression classifier, the
SVM model, and the fastText model achieve micro- and macro-F1 scores of between 0.64
and 0.67. The Naive Bayes classifier is shown to be the least capable of identifying genres.
As the fine-tuned XLM-RoBERTa model proved to be the best-performing model in this
task, we have made the model publicly available on the HuggingFace repository.

Since the X-GENRE dataset encompasses instances in two languages (English and
Slovenian), it offers an opportunity to compare the performance of the models on both
a high-resource language, which is prominently represented in the dataset, and a low-
resource language. We partition the instances of the X-GENRE test split based on their
respective languages and evaluate the models’ performance separately for each language.
Table 4 shows the differences in the scores achieved on the English part and those obtained
on the Slovenian part of the X-GENRE test split. The results reveal that all classifiers exhibit
inferior performance on the Slovenian portion of the X-GENRE test split. The Naive Bayes
classifier is the least suitable for multilingual datasets, as evidenced by its particularly
poor performance in terms of the macro-F1 scores. When applied to Slovenian instances, it
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achieves a macro-F1 score of 0.18, which is 36 points lower than its performance on English
instances. The difference between the models is also significant based on McNemar’s test in
the case of all other baseline classifiers, with macro-F1 scores ranging from 25 to 29 points
lower. In contrast, the fine-tuned XLM-RoBERTa model proves to be significantly more
effective in leveraging multilingual datasets. On Slovenian instances, it achieves scores of
only 7 points lower than those achieved on the English subset.

Table 3. Results for the in-domain performance of various models—the models are trained on the
training split of the X-GENRE dataset and tested on the test split (X-GENRE-test) from the same
dataset.

Model Micro-F1 Macro-F1 Accuracy

Fine-tuned XLM-RoBERTa 0.80 0.79 0.80
Logistic Regression 0.65 0.67 0.65

SVM 0.66 0.66 0.66
fastText 0.64 0.64 0.64

Naive Bayes 0.56 0.52 0.56
Dummy Classifier 0.13 0.09 0.13

Table 4. The comparison of the performance of various models trained on the X-GENRE training split
on English and Slovenian instances. The models are evaluated on the English (EN) and Slovenian
(SL) subsets of the X-GENRE test split.

Model Micro-F1—EN Micro-F1—SL
Micro-F1
Absolute

Difference
Macro-F1—EN Macro-F1—SL

Macro-F1
Absolute

Difference

Fine-tuned
XLM-RoBERTa 0.82 0.75 0.07 0.83 0.76 0.07

Logistic
Regression 0.71 0.51 0.20 0.73 0.48 0.25

SVM 0.71 0.54 0.17 0.73 0.44 0.29
fastText 0.68 0.55 0.13 0.68 0.43 0.25

Naive Bayes 0.60 0.46 0.14 0.54 0.18 0.36

4.2. Out-of-Domain Performance

Although the performance of the non-neural models in the in-domain experiments
appears promising, with accuracy, micro-F1, and macro-F1 scores mostly exceeding 0.64,
this does not necessarily indicate that they are suitable to be applied to new data. To
assess the models’ performance on novel datasets, we conduct out-of-domain experiments,
evaluating the same models from the in-domain experiments on a novel EN-GINCO
dataset. Table 5 presents the results of these experiments. The performance of all models
deteriorates compared to the in-domain experiments. The fine-tuned XLM-RoBERTa model
is the only model that demonstrates somewhat satisfactory performance, achieving a
micro-F1 score of 0.68 and a macro-F1 score of 0.69. In contrast, the baseline models yield
micro-F1 and macro-F1 scores of around 0.50 or lower. McNemar’s test confirms that the
observed difference between the XLM-RoBERTa model and the second-best performing
model, the SVM model, is statistically significant, with a p-value below 0.0005. The drop
in performance between the in-domain and out-of-domain results of the XLM-RoBERTa
model amounts to 10 to 12 points in both the micro- and macro-F1 scores. In contrast,
the Logistic Regression, fastText model, Naive Bayes classifier, and SVM model exhibit
a more substantial decline, ranging between 16 and 20 points in the micro-F1 scores and
15 to 23 points in the macro-F1 scores. These findings underscore a crucial insight that
evaluating a classifier’s performance solely on the dataset it was trained on does not provide
adequate information on its robustness or generalizability to new datasets. Consequently,
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previous studies on automatic genre classification, which predominantly report classifier
performance on the same dataset it was trained on, suffer from dataset dependency.

Table 5. The out-of-domain performance of the various models—the models are trained on the
training split of the X-GENRE dataset and evaluated on the EN-GINCO test dataset.

Model Micro-F1 Macro-F1 Accuracy

Fine-tuned XLM-RoBERTa 0.68 0.69 0.68
Logistic Regression 0.49 0.47 0.49

SVM 0.49 0.51 0.49
fastText 0.45 0.41 0.45

Naive Bayes 0.36 0.29 0.36
Dummy Classifier 0.14 0.10 0.14

These findings are consistent with the earlier research conducted by Sharoff et al.
(2010) [27], who assessed the robustness of classifiers trained on various genre datasets
available at the time. Although the top-performing models achieved accuracy scores
exceeding 0.85 in the in-domain scenario, their performance significantly deteriorated in the
out-of-domain context, dropping to below 0.40. The authors concluded that the main reason
for the low results in the out-of-domain scenario was the inadequate representativeness of
the datasets with respect to the actual genres found on the web. However, it is worth noting
that the machine learning architecture employed in the study may have also contributed
to the observed low performance. Sharoff et al. (2010) [27] used the SVM model, which,
similar to our findings, demonstrated limited generalization capabilities. In contrast, the
neural model, particularly the fine-tuned XLM-RoBERTa model, exhibits much higher
generalization capabilities when trained on the same dataset as the SVM model.

4.3. Zero-Shot Performance of GPT Models

Recent research indicates that for specific text categorization tasks, leveraging recent
large instruction-tuned GPT models through prompting can yield comparable performance
to the task-specific fine-tuned language models [59,60]. Furthermore, small-scale pre-
liminary experiments using the ChatGPT web interactive interface have shown that the
ChatGPT model, which is based on the GPT-3.5 model, outperforms the fine-tuned XLM-
RoBERTa model on a sample of the EN-GINCO dataset [62]. Subsequently, we extend these
preliminary experiments by including the GPT-3.5 and the GPT-4 models in our comparison
of machine learning technologies. Moreover, we use the models via an API instead of the
ChatGPT interactive interface. The GPT models were fine-tuned for dialogue and were not
specifically trained for the task of automatic genre identification on the X-GENRE dataset.
We can be certain of this because the X-GENRE dataset was not published before; therefore,
model contamination is not a possibility in this specific case. This is why we consider this a
zero-shot scenario, despite providing the models with some contextual information related
to the task through the use of prompts.

Table 6 presents the performance results of the GPT-3.5 and GPT-4 models on both
the EN-GINCO dataset and the test split of the X-GENRE dataset. The GPT-4 model
outperforms the GPT-3.5 model but still exhibits inferior performance compared to the
fine-tuned XLM-RoBERTa model. It achieves micro-F1 scores of between 0.65 and 0.7
and macro-F1 scores of between 0.55 and 0.66. However, these results are still impressive,
considering that the model was not specifically fine-tuned for the task at hand and that these
results were achieved without relying on an extensive training dataset, as is the case with
the fine-tuned XLM-RoBERTa model. In terms of the X-GENRE test split, the XLM-RoBERTa
model outperforms the GPT-4 model by 10 points in the micro-F1 score and 13 points in
the macro-F1 score. The statistical significance of the difference between the models is
further supported by the application of McNemar’s test, which yields a p-value below the
threshold of 0.05, as shown in Table 7. However, it is crucial to acknowledge that comparing
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the in-domain performance of one model to the zero-shot performance of another model is
positively biased toward the model that is tested in the easier, in-domain scenario.

When the models are tested on the EN-GINCO dataset, where the out-of-domain
performance of the fine-tuned XLM-RoBERTa model is observed, the discrepancy between
the three models is narrower and the statistical analysis using McNemar’s test indicates
that the difference in the results is not statistically significant, with the observed p-values
above the threshold of 0.05. In the micro-F1 score, the XLM-RoBERTa model surpasses the
GPT-4 model by only 3 points and the GPT-3.5 model by 5 points. In contrast, the difference
is more pronounced in the macro-F1 scores, with the GPT-4 and GPT-3.5 models achieving
scores of 14 and 16 points lower than those of the XLM-RoBERTa model, respectively. This
suggests that these GPT models are less adept at modeling certain genre categories. These
findings provide opportunities for further research, including further prompt engineering
experiments that would include more detailed descriptions of genre categories to enhance
model performance.

Our study does not confirm the findings of Kuzman et al. (2023) [62], as the GPT-3.5
model, used through the API, did not outperform the fine-tuned XLM-RoBERTa model and
achieved lower results compared to when it was used through the ChatGPT interactive
interface. However, it is important to note that it is possible that the ChatGPT interface
and the API use different model versions, which may be based on different architectures,
training data, or other factors that could influence the responses. Additionally, the models
used through the web interactive interface and API may need to handle different levels of
user load and may have different scaling mechanisms, which could result in differences
in their performance. Furthermore, the web interface does not provide any insights into
the hyperparameters used for generating a prediction. It is plausible that the models use
different hyperparameters, which may have also contributed to the observed differences in
the results.

Table 6. Zero-shot performance of the GPT-3.5 and GPT-4 models on the X-GENRE test subset and
the EN-GINCO test dataset compared to the performance of the XLM-RoBERTa model, fine-tuned on
the training split of the X-GENRE dataset and evaluated in the in-domain (on X-GENRE-test) and
out-of-domain (on EN-GINCO) scenarios.

Model Test Dataset (Evaluation
Scenario) Micro-F1 Macro-F1 Accuracy

Fine-tuned XLM-RoBERTa EN-GINCO (out-of-domain) 0.68 0.69 0.68
GPT-4 EN-GINCO (zero-shot) 0.65 0.55 0.65

GPT-3.5 EN-GINCO (zero-shot) 0.63 0.53 0.63

Fine-tuned XLM-RoBERTa X-GENRE-test (in-domain) 0.80 0.79 0.80
GPT-4 X-GENRE-test (zero-shot) 0.70 0.66 0.70

GPT-3.5 X-GENRE-test (zero-shot) 0.65 0.63 0.65

Table 7. The results of McNemar’s test for statistical significance for each pair of models evaluated on
the EN-GINCO and X-GENRE test sets. Asterisks denote p-values: ** for p < 0.001 and * for p < 0.01.

Pair of Models Test Set Test Statistic p-Value

XLM-RoBERTa, GPT-3.5 EN-GINCO 2.33 0.127
XLM-RoBERTa, GPT-4 EN-GINCO 0.71 0.399

GPT-3.5, GPT-4 EN-GINCO 0.64 0.423

XLM-RoBERTa, GPT-3.5 X-GENRE-test 49.82 0.000 **
XLM-RoBERTa, GPT-4 X-GENRE-test 26.47 0.000 **

GPT-3.5, GPT-4 X-GENRE-test 7.86 0.005 *

As with the other models in the previous section, we also conduct an evaluation of
the capabilities of the GPT-3.5 and the GPT-4 models in multilingual classification. Table 8
presents their performance on the English and Slovenian portions of the X-GENRE test split
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in comparison to the performance of the XLM-RoBERTa model. As noted earlier, the XLM-
RoBERTa model exhibits superior performance, which is expected given that it is trained on
the training split of the same dataset, whereas the GPT models are employed in a zero-shot
scenario. However, the primary objective of this section of the evaluation is to examine
the differences in the models’ performance across various languages. The obtained results,
presented in Table 8, reveal that all three models exhibit consistent performance between
English and Slovenian, with the maximum discrepancy between the two languages being
7 points in the micro- and macro-F1 scores. Interestingly, the GPT-3.5 model exhibits the
greatest consistency, with a marginal 1-point variation in both the micro-F1 and macro-F1
scores between its performance in English and Slovenian. These findings demonstrate the
potential of the prompting zero-shot classification method in the task of automatic genre
identification. This approach proves to be effective in low-resource languages, eliminating
the necessity of creating a genre dataset for each language.

Table 8. The comparison of the performance of the fine-tuned XLM-RoBERTa, GPT-3.5, and GPT-4
models on the English and the Slovenian subsets of the X-GENRE test split.

Model Micro-F1—EN Micro-F1—SL
Micro-F1
Absolute

Difference
Macro-F1—EN Macro-F1—SL

Macro-F1
Absolute

Difference

Fine-tuned
XLM-RoBERTa 0.82 0.75 0.07 0.83 0.76 0.07

GPT-4 0.70 0.68 0.02 0.68 0.63 0.05
GPT-3.5 0.65 0.64 0.01 0.63 0.62 0.01

5. Discussion

In the present study, we investigated the technologies and datasets that can be used
for a robust automatic identification of genres, which can be employed for the automatic
enrichment of large text collections with genre information. The metadata obtained as
a result of this process can provide valuable insights into the quality of text collections,
which is a crucial foundation for the development of language technologies. To achieve this
objective, we conducted experiments on multiple genre datasets and compared various
machine learning technologies that are commonly used for text categorization. In summary,
this paper made the following contributions:

• It conducted a controlled comparison of different machine learning approaches for
automatic genre identification in both in-domain and out-of-domain scenarios.

• It analyzed the performance of the models on a high-resource language (English) and
a low-resource language (Slovenian).

• It provided a freely accessible XLM-RoBERTa-based genre classifier, which enables au-
tomatic genre identification in numerous languages (available at https://huggingface.
co/classla/xlm-roberta-base-multilingual-text-genre-classifier (accessed on 6 August
2023)).

• It explored the zero-shot capabilities of recent large GPT Transformer models for
automatic genre identification.

• It proposed a unified genre schema, which facilitates the merging of diverse genre
datasets, and introduced a new multilingual genre dataset, demonstrating that com-
bining multiple datasets can enhance the model’s performance in this task.

• It established a benchmark (available at https://github.com/TajaKuzman/AGILE-
Automatic-Genre-Identification-Benchmark (accessed on 6 August 2023)) for evalu-
ating the out-of-domain performance of genre classifiers. The benchmark includes
the results of our comparison of the models and provides access to the EN-GINCO
dataset upon request for any researchers who wish to participate in the benchmarking
process.
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We conducted a comparison of various machine learning architectures in in-domain
and out-of-domain scenarios. The in-domain scenario involved training the models on
the training split and testing them on the test split that originated from the same dataset,
whereas the out-of-domain scenario involved testing the models on a novel dataset. An
overview of the results in terms of micro-F1 scores is shown in Figure 3. The experiments
revealed that the fine-tuned XLM-RoBERTa model performed the best in the in-domain
scenario. In the in-domain scenario, most machine learning models achieved satisfactory re-
sults to some extent. However, when these models were tested in an out-of-domain scenario,
the reliability of the in-domain results was called into question. The outcomes obtained in
the out-of-domain scenario suggest that pre-Transformer-based machine learning models
lack the ability to generalize to new datasets. In contrast, the fine-tuned XLM-RoBERTa
model demonstrated satisfactory performance in the out-of-domain scenario.

Figure 3. Overview of the performance of the SVM and fine-tuned XLM-RoBERTa model, which
were trained on the training split of the X-GENRE dataset and evaluated in in-domain (X-GENRE
test split) and out-of-domain (EN-GINCO test dataset) scenarios, and the performance of the GPT-3.5
and GPT-4 models, which were not explicitly trained for the task and were thus used in a zero-shot
approach. The figure shows that the fine-tuned Transformer model performed the best in both
scenarios. While traditional bag-of-words classification approaches achieved similar performance as
the zero-shot prompting approach in the in-domain setting, their performance significantly decreased
when applied to novel datasets, whereas the zero-shot approach was, as expected, more robust to
domain shifts.

We also included in the comparison the recently developed GPT-3.5 and GPT-4 models,
provided by OpenAI, since they have demonstrated promising performance in various
text classification tasks [59–61,63], including automatic genre identification [62]. The GPT
models were used via prompting, and we considered these experiments to be zero-shot
since the models were not explicitly fine-tuned for the task using a labeled dataset. The
results of our experiments showed that the fine-tuned XLM-RoBERTa model still had an
advantage in terms of performance over the GPT-4 and GPT-3.5 models as long as the
fine-tuning data were similar to the testing data. However, on the EN-GINCO dataset, on
which none of the models were trained, the difference between them was not statistically
significant. The results of these GPT models were impressive, considering that the models
were not specifically fine-tuned for the task at hand and that these results were obtained
without relying on an extensive training dataset manually annotated with genres. All
Transformer-based language models were shown to be capable of identifying genres not
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only in English but also in Slovenian. These findings illustrate the promising usefulness of
the GPT-3.5 and GPT-4 models for automatic genre identification. They could be applied
to low-resource languages, without the need for constructing a dedicated genre dataset
for each language. Moreover, these results pave the way for exploring the applicability of
GPT models to other text classification tasks beyond genre identification, such as sentiment
analysis, topic categorization, and hate speech detection.

In conclusion, our experiments demonstrate that fine-tuning the XLM-RoBERTa model
on a dataset comprising multiple genre datasets in two languages yields the best results
in automatic genre identification and ensures robust performance. However, it is impor-
tant to note that the performance of fine-tuned BERT-like models is dependent on the
availability of a substantial amount of labeled data. Constructing such datasets can be a
time-consuming and labor-intensive process, and might be unfeasible for low-resource
languages with limited funding. In this regard, newer instruction-tuned GPT models offer a
significant advantage, as they achieve high performance without requiring any labeled data.
Only smaller manually annotated test datasets are needed to evaluate the performance of
these models. On the other hand, the outputs of fine-tuned BERT-like models are more
reliable, as they are restricted to a closed set of labels, whereas the outputs of generative
GPT-like models are less predictable. To mitigate this disadvantage, careful post-processing
of the output of GPT models is necessary. Another disadvantage of instruction-tuned GPT
models is that their performance is very sensitive to the content of the prompts. Expertise
in prompt engineering is required to elicit the desired responses, which is a non-trivial task.
At present, the most effective GPT models are either closed source, such as the OpenAI
models, or require high-performance machines to run, such as the Falcon models [3]. Using
them for the automatic enrichment of massive text collections would thus incur significant
expenses. Furthermore, using the OpenAI GPT models via the API results in consider-
ably slower inference times compared to the local usage of a fine-tuned XLM-RoBERTa
model. Therefore, our fine-tuned XLM-RoBERTa classifier, which is freely available online,
currently holds a significant advantage in terms of accessibility and speed. It enables the
automatic genre annotation of massive web corpora, comprising millions of texts, in just a
few hours. Recently, it was employed to enrich Slovenian, Serbian, and Croatian massive
monolingual MaCoCu [14] corpora with genre information. These corpora are accessible
for querying in freely accessible concordancers (https://www.clarin.si/info/concordances/
(accessed on 6 August 2023)) under the name CLASSLA-web corpora.

Future Work

In future research, we intend to investigate whether the performance of the fine-tuned
XLM-RoBERTa model and the GPT-4 model can be further improved. To achieve this, we
plan to extend the X-GENRE dataset by (a) incorporating larger parts of the CORE [17] and
FTD [28] datasets, which may, however, result in a reduced representation of the Slovenian
dataset; and (b) including other languages in the dataset by mapping the X-GENRE schema
to the Russian FTD dataset [28], and the Finnish [66], Swedish, and French datasets [65],
which use the CORE schema. Furthermore, the performance of the GPT-4 model might
also be further improved by further experiments with prompt engineering. We intend
to experiment with advanced prompting techniques, such as manual few-shot chain-of-
thought prompting [77], or by providing more context to the model by adding descriptions
of the genre labels to the prompt. Additionally, further work might analyze the impact of
the genre schema on GPT-4 predictions by using different genre schemata in the prompts,
including the CORE schema [17], FTD schema [28], and GINCO schema [19]. In addition,
we plan to experiment with whether the performance of GPT-like models can be further
improved with fine-tuning, benefiting from the Low-Rank Adaptation (LoRA) [78] and
QLoRA [79] approaches. These approaches enable the reduction of the memory demands
of fine-tuning while maintaining model performance, thereby enabling the fine-tuning of
large GPT models on a single GPU.
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The field of large language models is progressing at a rapid pace. Following the
introduction of the GPT-3.5 model in the latter part of 2022, a multitude of new and
competitive models have emerged within a short time frame. These include the GPT-4
model [63], the Falcon-40B-Instruct [3] model, and the Llama-2-chat [80] model. Therefore,
it is reasonable to expect that the performance of instruction-tuned GPT models in the task
of automatic genre identification will continue to improve as new models emerge. Once
these models have become available, either through an API or as open source models, we
plan to evaluate their performance and incorporate the results into our Automatic Genre
Identification Benchmark.

The large language models show very promising performance in the automatic genre
identification task, including both out-of-domain and multilingual scenarios. However, it is
also important to acknowledge their limitations. One such limitation is their lack of explain-
ability, as their architecture functions as a black box, making it difficult to understand which
factors contribute to their prediction of genres. Additionally, the training and inference
processes of these models often require significant computational resources, including high-
performance hardware and substantial memory, making them less accessible to individuals,
researchers, and organizations with resource constraints. Further work is needed to address
the challenges posed by the nature of large language models. Furthermore, additional
challenges related to the task of automatic genre identification remain to be solved, i.e.,
performing multi-label classification on hybrid texts and classifying genres to spans of a
multi-text document. Although these text categorization challenges are beyond the scope of
the current paper, they should be addressed by the research community in the near future.
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Abbreviations
The following abbreviations are used in this manuscript:

SVMs Support Vector Machines
NLP Natural Language Processing
PLM Pre-Trained Language Model
FTD Functional Text Dimensions
CORE Corpus of Online Registers of English
GINCO Genre Identification Corpus

Appendix A. More Details on Genre Datasets

Appendix A.1. Collection and Annotation Procedure of Existing Datasets

The CORE [17] dataset was developed by extracting texts from the “General” part
of the Corpus of Global Web-based English (GloWbE) dataset, which was collected by
searching for texts on Google based on queries consisting of high-frequency English 3-
grams [81]. The dataset was manually annotated via crowd-sourcing with 908 participants,
where each text was annotated by four annotators.

The GINCO [19] dataset was collected by taking a random sample of 501 instances
from each of two Slovenian web corpora from different time periods: the slWaC 2.0 corpus
[82] from 2014 and the MaCoCu-sl 1.0 corpus [83] from 2021. The web corpora were created
by crawling the Slovenian top-level web domain (.si) and connected websites from common
domains, e.g., .com. The texts were manually annotated with genre categories by two expert
annotators.

The English FTD dataset [28] was collected from two sources: the ukWac web
corpus [15], collected in 2006 by crawling the .uk domain, and the Pentaglossal corpus (5 g)
[84], which comprises fiction, corporate communication, political debates, TED talks, UN
reports, and other texts. The dataset was annotated by Linguistics and Translation MA
students, and each text was labeled by at least two annotators.

Appendix A.2. X-GENRE Labels

Table A1. Descriptions of genre labels from the X-GENRE schema, with examples.

Label Description Examples

Information/Explanation

An objective text that describes or
presents an event, a person, a thing, a

concept, etc. Its main purpose is to
inform the reader about something.

research article, encyclopedia article,
product specification, course materials,

biographical story/history

Instruction An objective text that instructs the
readers on how to do something. how-to texts, recipes, technical support

Legal An objective formal text that contains
legal terms and is clearly structured.

small print, software license, terms and
conditions, contracts, law, copyright

notices

News
An objective or subjective text that

reports on an event, recent at the time of
writing or coming in the near future.

news report, sports report, police report,
announcement

Opinion/Argumentation

A subjective text in which the authors
convey their opinion or narrate their

experiences. It includes the promotion of
an ideology and other non-commercial

causes.

review, blog, editorial, letter to editor,
persuasive article or essay, political

propaganda
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Table A1. Cont.

Label Description Examples

Promotion

A subjective text intended to sell or
promote an event, product, or service. It

addresses the readers, often trying to
convince them to participate in
something or buy something.

advertisement, e-shops, promotion of an
accommodation, promotion of a

company’s services, an invitation to an
event

Prose/Lyrical

A literary text that consists of paragraphs
or verses. A literary text is deemed to

have no other practical purpose than to
provide pleasure to the reader. Often the

author pays attention to the aesthetic
appearance of the text. It can be

considered as art.

lyrics, poem, prayer, joke, novel, short
story

Forum A text in which people discuss a certain
topic in the form of comments.

discussion forum, reader/viewer
responses, QA forum

Other A text that does not fall under any other
genre category.

Appendix A.3. Label Distribution in X-GENRE and EN-GINCO

Table A2. Comparison of the label distribution in the EN-GINCO test set and the X-GENRE dataset.

Label EN-GINCO X-GENRE

Information/Explanation 25% 17%
Promotion 22% 16%

Opinion/Argumentation 18% 14%
News 18% 19%
Other 6% 4%
Forum 6% 8%

Instruction 5% 12%
Legal 0% 4%

Prose/Lyrical 0% 6%

Table A2 shows the differences in the label distributions between the X-GENRE and
EN-GINCO datasets. Two categories from the X-GENRE dataset are not present in the EN-
GINCO test set: Legal and Prose/Lyrical. The comparison also shows that the EN-GINCO
dataset consists of more Information/Explanation, Promotion, and Opinion/Argumentation
instances than the X-GENRE dataset, while the Instruction category is less represented. As
the label distributions differ, training the models on the X-GENRE dataset and evaluating
them on the EN-GINCO test set provides valuable insights into their performance in an
out-of-distribution scenario.

Appendix B. Model Hyperparameters

We used the following hyperparameters for the models, as presented in Section 3.2:

• Dummy Classifier: stratified strategy.
• Naive Bayes: ComplementNB model with the default hyperparameters.
• Logistic Regression: Penalty set to None, as preliminary experiments showed that

disabling regularization improved the results in our case.
• SVM: SVC model with the linear kernel and the regularization parameter C set to 2.
• fastText: The number of epochs was set to 350 and word unigrams were used (word-

Ngrams set to 1).
• XLM-RoBERTa: We used a learning rate of 1 × 10−5 and a maximum sequence

length of 512 for all fine-tuned models, as described in Section 3.2.2. However, the
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models differed in the optimum number of epochs, which was determined based
on a hyperparameter tuning, tested on the evaluation split. The optimum number
of epochs varied based on the training dataset used. The hyperparameter search
determined the following numbers of epochs to be optimal for the specific genre
dataset: CORE-main—4 epochs; CORE-sub—6 epochs; FTD—10 epochs; GINCO-
downcast and X-GENRE—15 epochs; GINCO-reduced—20 epochs.

• GPT-3.5 and GPT-4: We used the GPT-3.5 Turbo model for the GPT-3.5 model and the
GPT-4 model. The models were used through the chat completion endpoint. We set
the temperature to 0, which ensured that the model was more deterministic and that
it output the prediction with the highest probability. To facilitate the parsing of the
model’s output, we limited the number of tokens in the output (maxtokens) to 2 and
defined a line break to be the point where the model stops its completion (the stop
hyperparameter).

Appendix C. Instance of a Prompt for the GPT Models

Example of a prompt:
Please classify the following text according to genre (defined by function of the text, author’s

purpose and form of the text). You can choose from the following classes: News, Legal, Promotion,
Opinion, Instruction, Information, Literature, Forum, Other. The text to classify: Shower pods
install in no time. . . <p> 1. Prepare the floor with the waste and the water supply pipes. <p> 2.
Attach shower equipment to the shower pod shell running flexible tails (H&C or just C) down back.
<p> 3. Move the unit into position connecting water supplies on the way and the waste outlet trap.
<p> 4. Having secured the shower pod shell to the building structure doors may now be fitted.

Class:
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19. Kuzman, T.; Rupnik, P.; Ljubešić, N. The GINCO Training Dataset for Web Genre Identification of Documents Out in the Wild. In

Proceedings of the Language Resources and Evaluation Conference, Marseille, France, 20–25 June 2022; pp. 1584–1594.
20. Giesbrecht, E.; Evert, S. Is part-of-speech tagging a solved task? An evaluation of POS taggers for the German web as corpus. In

Proceedings of the Fifth Web as Corpus Workshop, San Sebastián, Spain, 7 September 2009; pp. 27–35.
21. Müller-Eberstein, M.; van der Goot, R.; Plank, B. Genre as Weak Supervision for Cross-lingual Dependency Parsing. In

Proceedings of the 2021 Conference on Empirical Methods in Natural Language Processing, Punta Cana, Dominican Republic,
7–11 November 2021; pp. 4786–4802.

22. Van der Wees, M.; Bisazza, A.; Monz, C. Evaluation of machine translation performance across multiple genres and languages. In
Proceedings of the Eleventh International Conference on Language Resources and Evaluation (LREC 2018), Miyazaki, Japan, 7–12
May 2018.

23. Agrawal, S.; Sanagavarapu, L.M.; Reddy, Y.R. FACT-Fine grained Assessment of web page CredibiliTy. In Proceedings of the
TENCON 2019—2019 IEEE Region 10 Conference (TENCON), Kochi, India, 17–20 October 2019; pp. 1088–1097.

24. Rehm, G.; Santini, M.; Mehler, A.; Braslavski, P.; Gleim, R.; Stubbe, A.; Symonenko, S.; Tavosanis, M.; Vidulin, V. Towards a
Reference Corpus of Web Genres for the Evaluation of Genre Identification Systems. In Proceedings of the LREC, Marrakech,
Morocco, 26 May–1 June 2008.

25. Berninger, V.F.; Kim, Y.; Ross, S. Building a document genre corpus: A profile of the KRYS I corpus. In Proceedings of the
BCS-IRSG Workshop on Corpus Profiling, London, UK, 18 October 2008; pp. 1–10.

26. Santini, M. Automatic Identification of Genre in Web Pages. Ph.D. Thesis, University of Brighton, Brighton, UK, 2007.
27. Sharoff, S.; Wu, Z.; Markert, K. The Web Library of Babel: Evaluating genre collections. In Proceedings of the LREC, Valletta,

Malta, 17–23 May 2010.
28. Sharoff, S. Functional text dimensions for the annotation of web corpora. Corpora 2018, 13, 65–95. [CrossRef]
29. Asheghi, N.R.; Sharoff, S.; Markert, K. Crowdsourcing for web genre annotation. Lang. Resour. Eval. 2016, 50, 603–641. [CrossRef]
30. Suchomel, V. Genre Annotation of Web Corpora: Scheme and Issues. In Future Technologies Conference; Springer: Berlin/Heidelberg,

Germany, 2020; pp. 738–754.
31. Sharoff, S. Genre annotation for the web: Text-external and text-internal perspectives. Regist. Stud. 2021, 3, 1–32. [CrossRef]
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Chapter 4

State of the Art for Automatic
Genre Identification

Having created the multilingual training and test genre dataset, X-GENRE – which we
have shown to be well-suited for training genre classifiers (see Section 3.2.2) – we now move
to the next step: experimenting with various text classification methods to identify which
offers the most robust generalization across datasets and languages. To this end, we train
a range of neural and non-neural models on the Slovenian-English X-GENRE dataset, and
evaluate them on the test split of the X-GENRE dataset as well as on newly developed
test datasets in multiple languages.

The creation of new test datasets in English and ten other European languages, pre-
sented in Section 4.1.1, fulfills the second part of Goal G3, which aimed to construct
separate test datasets for a range of European languages. Building on these datasets, we
establish a publicly available benchmark, addressing Goal G4 that focuses on enabling
cross-dataset and cross-lingual evaluation of machine learning approaches for automatic
genre identification. This benchmark fills a current gap by providing reference test datasets
for the task, allowing for consistent and comparative analyses of genre classification meth-
ods.

The models are assessed in the following scenarios: an in-domain (in-dataset) scenario,
where the model is trained on a portion of the same dataset from which the test dataset
originates, and a cross-dataset scenario, where the model is tested on a dataset developed
independently of the training data. We further extend the second scenario to a zero-shot
cross-lingual setting, in which the model is evaluated on a test dataset in a language it
has not seen during fine-tuning. Additionally, we experiment with a very recent approach
to text classification – employing decoder-only instruction-tuned Transformer-based large
language models (LLMs) guided by instructions in the form of prompts –, which is an
additional form of zero-shot classification, as these models were not specifically trained on
a genre dataset.

These evaluations enable us to identify the machine learning methodology that provides
the best-performing genre classifier, with which we fulfill Goal G5 : “Develop a robust mul-
tilingual genre classifier capable of generalizing across datasets and European languages
by exploring various machine learning approaches, including deep neural language mod-
els.” Our benchmarking experiments also address Hypothesis H2 “Fine-tuned deep neural
Transformer-based language models outperform other machine learning methods in the task
of automatic genre identification in the Slovenian language.”. The results in Section 4.2
provide evidence consistent with this hypothesis. We additionally assess Hypothesis H3 “A
reliable zero-shot cross-lingual performance in automatic genre identification across numer-
ous European languages is possible by leveraging the cross-lingual capabilities of massively
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multilingual pre-trained Transformer models.”, and we find suggestive evidence in its favor
in Section 4.4.

This chapter is structured as follows. In Section 4.1, we detail the methodology and
present the newly developed test datasets designed for benchmarking classification methods
on automatic genre identification. The results of experiments assessing in-dataset and
cross-dataset performance on Slovenian and English are presented in Sections 4.2 and 4.3.
Finally, we extend the evaluation to examine the zero-shot cross-lingual performance in
Section 4.4 and zero-shot performance of LLMs in Section 4.5. Further details on the
experiments, including detailed descriptions of the evaluated methods, are provided in the
papers “Automatic Genre Identification for Robust Enrichment of Massive Text Collections:
Investigation of Classification Methods in the Era of Large Language Models” (Kuzman,
Mozetič, et al., 2023) in Section 3.2.4, “Zero-Shot Cross-Lingual Genre Classification on
Diverse European Languages” (Kuzman Pungeršek et al., In submission) in Section 4.6,
and “State of the Art in Text Classification for South Slavic Languages: Fine-Tuning or
Prompting? ” (Kuzman Pungeršek, Rupnik, Porupski, et al., 2026) in Section 4.7.

4.1 Test Datasets and Methodology

To evaluate various classification methods on the task of automatic genre identification, we
train the models on the training split of the Slovenian-English X-GENRE dataset (Kuzman
& Ljubešić, 2024a; Kuzman, Mozetič, et al., 2023), presented in Section 3.2.2. The models
are then evaluated in three scenarios:

• In-Dataset Setup (Section 4.2): Models are evaluated on the test split (X-GENRE-
test) of the same dataset from which the training split was drawn. Although the
training and test splits contain similar types of instances, there is no overlap between
them. As the test set includes both Slovenian and English, it also enables a direct
comparison of model performance across the two languages.

• Cross-Dataset Setup (Section 4.3): Models are evaluated on an independently devel-
oped English test dataset, the EN-GINCO dataset (Kuzman, Mozetič, et al., 2023),
allowing us to assess generalization across datasets in the same language.

• Cross-Lingual Cross-Dataset Setup (Section 4.4): The best-performing model from
the previous two setups is evaluated on a newly created X-GINCO test dataset (Kuz-
man Pungeršek et al., In submission) comprising ten European languages, developed
independently of the training data. Except for the evaluation on the Slovenian por-
tion of the test dataset, this setup represents a zero-shot scenario, as the model is
tested on languages it has not seen during training. This setup allows us to assess
the model’s ability to generalize across both datasets and languages, which we regard
as robustness.

In addition, we expand our investigation by incorporating a novel approach to text
classification, employing decoder-only instruction-tuned Transformer-based large language
models (LLMs) guided by instructions in the form of prompts. As these models were not
specifically trained on a genre dataset, we regard their performance as zero-shot (Section
4.5).

We compare the following machine learning methods that have been commonly used
for text classification tasks (for details on their implementation and hyperparameters, see
the papers by Kuzman, Mozetič, et al. (2023) in Section 3.2.4 and Kuzman Pungeršek,
Rupnik, Porupski, et al. (2026) in Section 4.7):



4.1. Test Datasets and Methodology 115

• traditional non-neural machine learning methods, namely, a dummy classifier using
a stratified strategy, which provides a simple baseline; and the Naive Bayes classi-
fier, logistic regression classifier, and a support vector machine (SVM) with a linear
kernel, which use the TF-IDF (term frequency–inverse document frequency) text
representations;

• shallow neural models, namely, the fastText model (Joulin et al., 2017);

• encoder-only Transformer-based pretrained BERT-like language models, namely the
base-sized multilingual XLM-RoBERTa model (Conneau et al., 2020) which has been
shown to be the most suitable BERT-like model for the task of automatic genre
identification (Kuzman, Ljubešić, & Pollak, 2022; Repo et al., 2021; Rönnqvist et
al., 2021);

• instruction-tuned decoder-only large language models (LLMs), which have shown
very competitive performance in various classification tasks (Achiam et al., 2023;
Hendy et al., 2023; Huang et al., 2023; Zhang et al., 2022). Specifically, we evaluate
a selection of open-source and closed-source models: (a) closed-source GPT-3.5-
Turbo (gpt-3.5-turbo-0125) (OpenAI, 2023), GPT-4o (gpt-4o-2024-08-06)
(OpenAI, 2024), GPT-5 (gpt-5-2025-08-07) (OpenAI, 2025), Gemini 2.5
Flash (Comanici et al., 2025) and Mistral Medium 3.1 (mistral-medium-2508)
(Mistral AI, 2025), and (b) open-source LLaMA 3.3 (Meta, 2024), Gemma 3
(Gemma Team et al., 2025), Qwen 3 (Yang et al., 2025), and DeepSeek-R1-Distill
(DeepSeek-R1-Distill-Qwen-14B) (Guo et al., 2025). Details on the models, their
implementation and the prompt are provided in the paper by Kuzman Pungeršek,
Rupnik, Porupski, et al. (2026), enclosed in Section 4.7.

The model performance is evaluated using two standard metrics for text classification
tasks (Kowsari et al., 2019): micro-F1 and macro-F1 scores. The micro-F1 score aggregates
precision and recall across all instances, and thus reflects overall classification performance.
However, as this metric is more influenced by the most frequent labels, we use macro-F1
as the primary evaluation metric. Macro-F1 is calculated as the arithmetic mean of the F1
scores for each class, providing a balanced view of performance across all labels regardless
of their frequency. This makes it a more reliable indicator of a classifier’s real-world
applicability, where it is important that the model provides high performance across all
categories.

4.1.1 Test Datasets

We develop two novel test datasets to enable the evaluation of genre classifiers in cross-
dataset and cross-lingual scenarios: the English EN-GINCO dataset and the multilingual
X-GINCO dataset.

The English EN-GINCO test dataset was developed by sampling 272 random texts
from the English web corpus enTenTen20 (Jakubíček et al., 2013). The texts were then
manually annotated by two expert annotators who participated in the annotation of the
GINCO dataset (see Section 3.1.2). For the purposes of model evaluation, the GINCO
labels were mapped to the X-GENRE schema. More details on the dataset are provided
in the paper by Kuzman, Mozetič, et al. (2023), enclosed in Section 3.2.4.

The multilingual X-GINCO test dataset was constructed in a more controlled manner
than the EN-GINCO test dataset. It is based on the MaCoCu-Genre web corpora (Kuzman
& Ljubešić, 2024b), which were automatically annotated with genre labels using an XLM-
RoBERTa classifier fine-tuned on the X-GENRE dataset. To develop the test dataset,
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we randomly selected ten instances for each of eight X-GENRE labels from each of ten
automatically-annotated MaCoCu-Genre corpora. Instances labeled as Other or assigned
low classifier confidence scores – representing around 7% of all instances in the MaCoCu-
Genre corpora – were not included in the test dataset to ensure a clean and reliable evalua-
tion sample. The selected instances were then manually annotated with X-GENRE labels
by an annotator who was previously involved in the GINCO and EN-GINCO annotation
campaigns. To avoid annotation bias, the automatic genre predictions used for sampling
were hidden from the annotator. The final X-GINCO test dataset consists of 790 instances,
balanced across the eight genre labels (Information/Explanation, Instruction, Legal, News,
Opinion/Argumentation, Promotion, Prose/Lyrical, Forum). It comprises ten European
languages, equally represented in the dataset, namely Albanian, Catalan, Croatian, Greek,
Icelandic, Macedonian, Maltese, Slovenian, Turkish, and Ukrainian. These languages span
nine branches across three major language families (Indo-European, Turkic, and Afro-
Asiatic) and use three different scripts: Latin, Greek, and Cyrillic. This diversity enables
a robust evaluation of a genre classifier not only across languages but also across writing
systems. Further details on the dataset are provided in the paper by Kuzman Pungeršek
et al. (In submission) in Section 4.6.

Importantly, the test datasets are available from the authors upon request but have
not been published online to prevent their inclusion in the training data of large language
models (LLMs). This precaution ensures that LLMs can be evaluated using these datasets
without the risk of data leakage from pretraining. Instead of publishing them online, the
test datasets have been integrated into the AGILE Benchmark (Automatic Genre Identifi-
cation Benchmark) on GitHub,1 which provides a framework for evaluating genre classifi-
cation across multiple languages. With this, we fulfill Goal G4 “Establish a benchmark for
cross-dataset and cross-lingual assessment of machine learning approaches in automatic
genre identification, based on newly developed test datasets in English, Slovenian, and
various other European languages.”

4.2 In-Dataset Performance

To determine the most effective machine learning approach for automatic genre identi-
fication, we begin by evaluating several methods in the simplest setting – the in-dataset
scenario. In this setup, models are trained on the training split from the X-GENRE dataset
(approximately 1,800 instances) and tested on the corresponding test split (around 600 in-
stances) from the same dataset. Both splits include instances in Slovenian and English
language.

As shown in Table 4.1, the best performance in the in-dataset setting is achieved by
a fine-tuned BERT-like Transformer model. Specifically, the fine-tuned XLM-RoBERTa
model (Conneau et al., 2020) achieves a micro-F1 score of 0.80 and a macro-F1 score of 0.79,
meeting the high reliability threshold of 0.80 proposed in Section 1.3. This performance
is consistent with results reported in previous studies on automatic genre identification,
where the fine-tuned XLM-RoBERTa achieved micro-F1 scores ranging from 0.72 to 0.84
in similar in-dataset classification setups (Repo et al., 2021; Rönnqvist et al., 2021). In
contrast, non-neural machine learning approaches – logistic regression, support vector ma-
chine (SVM), and a Naive Bayes classifier – as well as the shallow neural fastText model,
perform notably worse.

Based on prior work (see Section 2.3) and human performance on this task, measured
by inter-annotator agreement (see Section 3.1.2), we consider macro-F1 scores of around
0.70 as the minimum threshold for acceptable performance of a genre classifier. The SVM,

1https://github.com/TajaKuzman/AGILE-Automatic-Genre-Identification-Benchmark

https://github.com/TajaKuzman/AGILE-Automatic-Genre-Identification-Benchmark
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Table 4.1: In-dataset performance of different machine learning approaches on the test
split of the X-GENRE dataset, reported for the full test split as well as for the Slovenian
(SL) and English (EN) subsets. Models are ranked by their macro-F1 scores achieved on
the entire test set.

Model Micro-F1 Macro-F1 Macro-F1 (EN) Macro-F1 (SL)
Fine-tuned XLM-RoBERTa 0.80 0.79 0.83 0.76

Logistic regression 0.65 0.67 0.73 0.48
Support vector machine 0.66 0.66 0.73 0.44

fastText 0.64 0.64 0.68 0.43
Naive Bayes classifier 0.56 0.52 0.54 0.18

Dummy classifier 0.13 0.09 0.10 0.08

fastText and logistic regression classifiers lag behind the fine-tuned BERT-like model signif-
icantly, but still provide results that are useful to some extent, with the logistic regression
classifier and the SVM surpassing the 0.70 macro-F1 threshold on at least the English
portion of the test set. In contrast, the Naive Bayes classifier performs significantly worse,
with micro-F1 and macro-F1 scores slightly above 0.50, indicating limited generalization
even within the same dataset.

Since the X-GENRE test set contains instances in both English and Slovenian, it also
enables a comparison of model performance across these two languages. As shown in
Table 4.1, all models perform worse on the Slovenian portion of the dataset. The drop in
macro-F1 scores on Slovenian, compared to English, ranges from 7 points for the fine-tuned
XLM-RoBERTa model to 36 points for the Naive Bayes classifier. Despite this decline, the
fine-tuned XLM-RoBERTa still performs well on Slovenian, achieving a macro-F1 score of
0.76. In contrast, the remaining classifiers are shown to be ineffective in this multilingual
scenario, with macro-F1 scores falling below 0.50. These findings support Hypothesis H2,
demonstrating that fine-tuned Transformer-based BERT-like language models outperform
other machine learning approaches in automatic genre identification for Slovenian.

4.3 Cross-Dataset Performance

Previous studies have emphasized the importance of evaluating genre classifiers in cross-
dataset settings, as in-dataset performance may not accurately reflect the effectiveness
of the model in real-world scenarios. Sharoff et al. (2010) demonstrated that although
SVM models performed well within the genre dataset they were trained on, their accuracy
dropped significantly when tested on other genre datasets. This indicates a strong depen-
dence on the training data and an inability of the model to generalize beyond a single
dataset. Therefore, cross-dataset evaluation is essential for assessing the robustness of a
genre classifier.

Despite providing worse results than the fine-tuned BERT-like model in the in-dataset
setup, most machine learning methods were shown to provide results that are useful to
some extent, with macro-F1 and micro-F1 scores above 0.64. However, when these models
are tested in the out-of-domain scenario on the English EN-GINCO test dataset, their
generalization abilities are called into question. As shown in Table 4.2, all pre-Transformer-
based models yield micro-F1 and macro-F1 scores of around 0.50 or lower. This indicates
that these models are not suitable for building a robust genre classifier.

The fine-tuned XLM-RoBERTa model also shows a notable decline in performance on
the EN-GINCO test dataset, with both micro-F1 and macro-F1 scores dropping by about
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Table 4.2: The out-of-domain performance of the various models on the English EN-
GINCO test dataset. The models are sorted based on the macro-F1 scores.

Model Micro-F1 Macro-F1 Accuracy
Fine-tuned XLM-RoBERTa 0.68 0.69 0.68

Support vector machine 0.49 0.51 0.49
Logistic regression 0.49 0.47 0.49

fastText 0.45 0.41 0.45
Naive Bayes classifier 0.36 0.29 0.36

Dummy classifier 0.14 0.10 0.14

10 points compared to the in-dataset scenario. Nevertheless, its macro-F1 score remains
close to the 0.70 threshold for minimum acceptable performance and is still significantly
higher than that of all other models.

4.4 Zero-Shot Cross-Lingual Performance

Manual annotation of training data for developing a genre classifier in a new language
requires substantial time, human effort, and financial resources. Therefore, a classifier ca-
pable of achieving high performance on languages without manually-annotated data would
be highly valuable. Motivated by this, in this section, we evaluate the best-performing
model from the in-dataset and cross-dataset experiments on additional languages on which
the model has not been trained. This section is based on the main findings from the paper
“Zero-Shot Cross-Lingual Genre Classification on Diverse European Languages” (Kuzman
Pungeršek et al., In submission), enclosed in Section 4.6.

Figure 4.1: Models, languages and tasks involved in the evaluation of the cross-lingual
performance of the XLM-RoBERTa-based genre classifier.

Figure 4.1 provides more details on the languages included in the zero-shot cross-lingual
experiments. We evaluate the cross-lingual performance of the fine-tuned XLM-RoBERTa
model, which achieved the best results in the in-dataset and cross-dataset evaluations (see
Sections 4.2 and 4.3). The base XLM-RoBERTa model (Conneau et al., 2020) was pre-
trained on 100 languages, covering all test languages in our cross-lingual evaluation except
Maltese. For genre classification, the model was fine-tuned on the X-GENRE training set,
which includes texts in English and Slovenian (see Section 3.2.2 for details). Evaluation is
conducted on the X-GINCO test set, which contains texts in ten languages with varying
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degrees of linguistic relatedness to English and Slovenian and written in different scripts:
Albanian (sq), Catalan (ca), Croatian (hr), Greek (el), Icelandic (is), Macedonian (mk),
Maltese (mt), Slovenian (sl), Turkish (tr), and Ukrainian (uk).

Table 4.3: Per-label performance in terms of F1 scores for each language-specific test set
from the X-GINCO dataset, and per-language performance in terms of macro-F1. The
penultimate column shows the average F1 score (avg) for each label across all test sets,
excluding the scores for the Maltese test set. The last column shows the results for the
Maltese test set which is regarded as an outlier. The labels Information/Explanation and
Opinion/Argumentation are abbreviated as Information and Opinion.

Genre label ca el hr is mk sl sq tr uk Avg mt
News 0.82 0.90 0.95 0.73 0.91 0.90 0.89 0.95 1.00 0.89 0.69
Opinion 0.84 0.87 0.78 0.82 0.78 0.82 0.67 0.82 0.91 0.81 0.33
Instruction 0.75 0.71 0.75 0.78 1.00 1.00 0.95 0.90 0.95 0.86 0.69
Information 0.72 0.70 0.95 0.50 0.84 0.90 0.80 0.82 1.00 0.80 0.52
Promotion 0.78 0.62 0.87 0.75 0.95 1.00 0.95 0.86 0.78 0.84 0.82
Forum 0.84 0.95 0.91 0.95 1.00 1.00 0.78 0.89 0.95 0.91 0.18
Prose/Lyrical 0.91 1.00 0.86 1.00 0.95 0.91 0.86 0.95 1.00 0.93 0.18
Legal 0.95 1.00 1.00 0.84 0.95 0.95 0.95 1.00 1.00 0.96 /
Macro-F1 0.83 0.84 0.88 0.80 0.92 0.94 0.85 0.90 0.95 0.87 0.49

As shown in Table 4.3, the fine-tuned XLM-RoBERTa model is highly capable of gen-
eralizing across languages in a zero-shot cross-lingual scenario. With the exception of
Maltese, the model achieves macro-F1 scores ranging from 0.80 to 0.95. The observed
performance is consistent with Hypothesis H3 “A reliable zero-shot cross-lingual perfor-
mance in automatic genre identification across numerous European languages is possible by
leveraging the cross-lingual capabilities of massively multilingual pre-trained Transformer
models.”. The highest macro-F1 scores are achieved on the Ukrainian, Slovenian, and
Macedonian test datasets, with macro-F1 scores exceeding 0.90.

The model’s performance in this setting surpasses its results in both the in-dataset and
cross-dataset scenarios. This improvement is likely due to the more curated construction of
the X-GINCO dataset. In previous evaluations, the model was tested across all nine genre
labels, including infrequent and less clearly defined category Other. In contrast, instances
pre-annotated with a lower prediction confidence or with the label Other were excluded
from the X-GINCO test dataset prior to manual annotation, resulting in a cleaner dataset
with fewer ambiguous instances. This choice is based on the intended real-world application
of the genre classifier, where it would be deployed on large-scale text collections and where
marking the rare unclear cases with the label Mix would ensure an even higher reliability
of the remaining annotations. This is why the model is evaluated on clear instances, which
constitute the vast majority of web corpora – over 90% of texts –, according to related
studies (see paper by Kuzman Pungeršek et al. (In submission) in Section 4.6, and paper
by Ljubešić and Kuzman (2024)).

The results in Table 4.3 show that the XLM-RoBERTa classifier underperforms on
the Maltese test set, with a macro-F1 score below 0.50. This lower performance is likely
due to Maltese not being included in the XLM-RoBERTa pretraining dataset, as observed
in previous natural language processing tasks (Chau et al., 2020; de Vries et al., 2022;
Ebrahimi & Kann, 2021; Muller et al., 2021). In contrast, the model achieves remarkably
high performance even on test sets using non-Latin scripts and on languages that are not
closely related to the fine-tuning languages (see Figure 4.1). These results suggest that the
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genre classifier has strong potential for use across all languages that have been included in
the XLM-RoBERTa pretraining data.

4.5 Zero-Shot Performance of Large Language Models

Until recently, fine-tuned BERT-like models achieved state-of-the-art performance on text
classification tasks, and our findings confirm that this also holds for automatic genre iden-
tification, as shown throughout this chapter. However, these models require fine-tuning
on training datasets developed through time-consuming and costly manual annotation
campaigns. In contrast, instruction-tuned decoder-only Transformer models, commonly
referred to as large language models (LLMs), have recently demonstrated strong perfor-
mance across various natural language processing tasks, even in zero-shot prompting sce-
narios that require no training data (Hendy et al., 2023; Huang et al., 2023; Ljubešić,
Galant, et al., 2024; Zhang et al., 2022). In this section, we investigate the effectiveness
of the recently introduced zero-shot prompting approach using LLMs for automatic genre
identification.

We evaluate a selection of open-source and closed-source LLMs on the English EN-
GINCO and multilingual X-GINCO test datasets introduced in Section 4.1.1. To enable
a fair comparison between the two datasets, instances labeled as Other are removed from
the EN-GINCO test dataset, as this category is not included in the more curated X-
GINCO dataset. Models are used in a zero-shot prompting setup, meaning that they
receive only a task description and label definitions, without any exposure to manually-
annotated data. The methodology, the prompt, and the models are described in detail in
Kuzman Pungeršek, Rupnik, Porupski, et al. (2026) (see Section 4.7). While that study
focuses on English and South Slavic languages, we extend the evaluation to all languages
represented in the EN-GINCO and X-GINCO test datasets, using results from the AGILE
benchmark.2

As shown in Figure 4.2, both open-source and closed-source large language models
(LLMs) achieve strong zero-shot performance across all languages except Maltese. Most
LLMs surpass the estimated minimum threshold for acceptable performance, defined as a
macro-F1 score of approximately 0.70 based on model performance achieved in prior work
(Repo et al. (2021), Rönnqvist et al. (2021), and Sharoff (2021); see Table 2.3 in Section 2.3)
and human performance on this task. The top-performing models are the closed-source
GPT-5 (OpenAI, 2025), GPT-4o (OpenAI, 2024), and Gemini 2.5 Flash (Comanici et
al., 2025), with average macro-F1 scores across languages exceeding 0.76 and peak scores
reaching up to 0.87, surpassing the high reliability threshold of 0.80 defined in Section
1.3. Although GPT-5 is newer and reportedly more powerful, it does not consistently
outperform GPT-4o across all datasets. Open-source models, particularly LLaMA 3.3
(Meta, 2024) and Gemma 3 (Gemma Team et al., 2025), achieve average performance
that is more or less comparable to their closed-source counterparts and even outperform
them in some languages. The weakest results are observed with the GPT-3.5-Turbo model
(OpenAI, 2023), which is an older version of the GPT models, and the DeepSeek-R1-
Distill model (Guo et al., 2025), likely due to its smaller size (14 billion parameters). The
performance gap between the GPT-3.5-Turbo model (2023) and the GPT-5 model (2025)
highlights the rapid pace of progress in LLM development.

As in the cross-lingual experiments discussed in the previous section, Maltese again
emerges as an outlier in the LLM evaluations, proving particularly challenging for most
models. This is likely due to its limited presence in the pretraining data of current LLMs.
However, further empirical analysis is required to assess this explanation. Despite this,

2https://github.com/TajaKuzman/AGILE-Automatic-Genre-Identification-Benchmark

https://github.com/TajaKuzman/AGILE-Automatic-Genre-Identification-Benchmark
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Figure 4.2: Macro-F1 performance on the multilingual X-GINCO and English EN-GINCO
test datasets across decoder-only large language models used in a zero-shot prompting
scenario, compared to the performance of an XLM-RoBERTa model, fine-tuned on the
X-GENRE training dataset. The final column shows the average performance across lan-
guages, excluding Maltese as it is an outlier. Results are ordered by the average perfor-
mance shown in the penultimate column.

some models, namely, the closed-source GPT-4o and the open-source LLaMA 3.3, achieve
relatively strong results on the Maltese test set, with macro-F1 scores of 0.64 and 0.67,
respectively. These scores approach the threshold for minimum acceptable performance.
As LLM development continues at a rapid pace, and if model developers prioritize includ-
ing underrepresented languages like Maltese in pretraining data, further improvements in
performance on this language can be expected.

To enable comparison with the fine-tuned XLM-RoBERTa model, identified in previous
sections as the best-performing model, we include its results in Figure 4.2. Specifically, we
add its performance on the X-GINCO dataset as reported in Table 4.3, and we recalculate
its performance on the EN-GINCO dataset after removing instances labeled as Other.
As shown in Figure 4.2, the XLM-RoBERTa model, fine-tuned on the X-GENRE training
dataset, outperforms large language models in most languages. This shows that fine-tuning
on training instances that are relatively similar to the test data (both originating from the
web) and that are annotated using consistent guidelines allows the model to better align
with the task domain and label definitions. This gives it an advantage over zero-shot
prompting approaches, where models rely solely on general knowledge of genres and their
definitions without being exposed to concrete examples. However, it is important to note
that the strong performance of the fine-tuned XLM-RoBERTa model is also influenced by
the curated nature of the X-GINCO test dataset. More challenging instances were filtered
out prior to manual annotation based on the prediction confidence of a fine-tuned XLM-
RoBERTa classifier, due to which this model reaches high performance on this dataset more
easily. Despite this limitation, the X-GINCO dataset remains a valuable benchmark for
evaluating LLM performance. In some languages, such as Catalan, Icelandic, and Maltese,
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the best-performing LLMs already surpass the fine-tuned XLM-RoBERTa model.
These results demonstrate that large language models, used in a zero-shot prompting

setup, offer performance that is highly competitive with fine-tuned BERT-like Transformer-
based models. However, we argue that the latter remain the more appropriate choice
for automatic genre identification, particularly in large-scale annotation scenarios. LLMs
are significantly more computationally expensive and notably slower in terms of infer-
ence speed (see Kuzman Pungeršek, Rupnik, Porupski, et al. (2026) in Section 4.7). In
addition, BERT-like models, such as XLM-RoBERTa, provide greater control over the an-
notation process, as they output probabilities for each predefined class. This allows for
the calculation of prediction confidence and the application of confidence thresholds to the
automatically-annotated data, with which we can further improve annotation reliability.
In contrast, LLMs are not constrained to a fixed label set and are prone to producing
invalid labels. Our experiments have shown that the models occasionally deviated from
the defined label set, with some of the models producing non-existing labels for up to 4%
of test instances. These criteria – output reliability, inference speed, and computational
cost – are especially important when the goal is to annotate text collections comprising
millions of texts, such as massive web corpora. In these cases with extensive data to be
processed, fine-tuned BERT-like models remain the most practical and effective solution.

4.6 Related Paper: Zero-Shot Cross-Lingual Genre Classifi-
cation on Diverse European Languages
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Abstract
The paper examines the influence of different languages and their features on the performance of a
Transformer-based language model in the context of zero-shot cross-lingual genre identification. The test
set consists of ten European languages with varying degrees of linguistic relatedness to the languages in
the training set, and encompasses three different scripts (Latin, Greek, and Cyrillic). The results show that
the classifier achieves high zero-shot performance on the test languages, even on those using non-Latin
scripts and with limited representation in the pretraining data. However, when a language is entirely absent
from the pretraining data, such as Maltese, the model’s performance drops considerably. An adversarial
analysis demonstrates a significant contribution of syntax in the cross-lingual genre classification, compa-
rable to the significance of lexical features. Genre classification on a non-English target language yields
better results when done with the cross-lingual classifier, in comparison to machine translating the text to
English before classification. Lastly, we release large web corpora in nine languages, automatically anno-
tated with genre categories, which can serve as a valuable resource for creating datasets for large language
models, various natural language processing applications, and genre-specific corpora linguistics research.

1. Introduction
Development of data-driven language technologies, such as large language models, and data-
driven linguistic analyses require massive amounts of authentic texts. As long as the target
language is present on the web, texts can be gathered through web crawling, a method proven
to be highly efficient and cost-effective for constructing extensive datasets (Bañón et al. 2022).
However, a drawback of this automated approach is that we do not know what kind of texts are
present in the final dataset (Baroni et al. 2009). Automatic genre identification can help address-
ing this issue by enabling automatic categorization of texts into predefined genre categories, such
as News or Promotion, offering valuable insights into dataset content and into the differences
between datasets (Kuzman et al. 2023b; Ljubešić and Kuzman 2024). In addition, genre infor-
mation allows for a more refined selection of texts for datasets used in other natural language
processing tasks, such as question answering (Eskelinen et al. 2024), or for corpus linguistic
research purposes.

© Cambridge University Press 2025

4.6. Related Paper: Zero-Shot Cross-Lingual Genre Classification on Diverse European
Languages 123



2 Natural Language Processing

Figure 1. Models, languages and tasks involved in the cross-lingual genre identification experiments and model perfor-
mance analyses presented in this paper.

Currently, manually-annotated genre datasets cover a limited number of languages. The devel-
opment of genre classifiers for the excluded languages based on manually-annotated training data
would require significant human resources due to the labour-intensive and expensive nature of
manual annotation. At the same time, Transformer-based BERT-like multilingual pretrained lan-
guage models have recently shown strong capabilities in transferring knowledge across languages
for various classification tasks in a zero-shot cross-lingual setting. This scenario involves fine-
tuning the multilingual pretrained BERT-like model on a different language for a specific task
without exposure to any data from the target language (Philippy et al. 2023). Although recently
introduced instruction-tuned decoder-only large language models (LLMs) exhibit high zero-shot
performance across languages, fine-tuned BERT-like models continue to be the most suitable
technology for this task (Kuzman et al. 2023a). They are more reliable and require less com-
putational resources, which is particularly crucial for applications where massive text collections,
encompassing millions of texts, need to be annotated (Kuzman et al. 2023a).

In this study, we investigate what level of performance can we expect for a fine-tuned BERT-
like model that is used in a zero-shot cross-lingual genre identification. Namely, we explore the
cross-lingual capabilities of an existing genre classifier based on a pretrained BERT-like model,
an openly available X-GENRE model (Kuzman et al. 2023a) that we apply to diverse European
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languages.a In addition, to provide future users of this open-source model information on which
other language can they expect the model to perform well, we investigate which are possible
challenges that would significantly impede its performance. We examine various factors, such
as the script used in the texts, linguistic relatedness to the training languages, and the level of
coverage of the test language in the pretraining data.

Figure 1 shows the setup of the experiments, presented in the paper. We perform a com-
prehensive performance analysis of the X-GENRE classifier (Kuzman et al. 2023a) used in a
cross-lingual scenario. The genre classifier was developed by fine-tuning the XLM-RoBERTa
model (Conneau et al. 2020), which was pretrained on 100 languages, including all our test lan-
guages except Maltese. The fine-tuning training dataset for the X-GENRE classifier consisted of
texts in two languages (English and Slovenian), manually annotated with genre labels (Kuzman
et al. 2023a). We apply the fine-tuned model on monolingual MaCoCu web corpora in ten test lan-
guages, namely Albanian, Catalan, Croatian, Greek, Icelandic, Macedonian, Maltese, Slovenian,
Turkish, and Ukrainian. These languages belong to nine different branches of language families
and three main language families of the world (Indo-European, Turkic , and Afro-Asiatic). They
have varying levels of linguistic relatedness to the English and Slovenian training data language
and use different scripts. To evaluate the classifier, balanced test datasets for each of the ten lan-
guages are extracted from the resulting web corpora and manually annotated. Finally, we conduct
a comprehensive performance analysis to gain insight into the model’s cross-lingual performance
on diverse languages. We analyse the performance of the model across scripts, related and unre-
lated languages, the impact of vocabulary overlap, and the impact of the coverage of the language
in the pretraining data. Additionally, we perform adversarial analyses that shed light on the impact
of linguistic factors on the performance of the model, and compare the zero-shot cross-lingual
classification with a “translate-and-test” approach that is based on machine translation of the test
dataset into English.

The paper is organized as follows. In the remainder of this section, we present the research
questions and main contributions of this work. In Section 2, we provide an introduction to the task
of automatic genre identification (Section 2.1), and previous research on the cross-lingual perfor-
mance of BERT-like models (Section 2.2). In Section 3.1, we present the genre classifier used in
the experiments, followed by a section on the datasets on which the model was applied (Section
3.2). In Section 4, we present the performance of the model in the zero-shot cross-lingual scenario.
Then we evaluate the model’s performance on different levels of linguistic relatedness between
the test and the training language (Section 5), its performance on non-Latin scripts (Section 6) and
on languages with different levels of coverage in the pretraining dataset (Section 7). In Section 8,
we delve deeper into the impact of various textual and linguistic features on the model’s cross-
lingual performance, adding an adversarial analysis that includes shuffling word order, removal of
half of the words from the text and machine-translation to another language. Finally, in Section 9,
we conclude the paper with a discussion of the main findings and suggestions for future work.

1.1 Research Questions
To analyse the cross-lingual capabilities of the genre model, the study addresses the following
research questions:

(R1) To what extent is a multilingual Transformer-based genre classifier capable of zero-shot
cross-lingual transfer on languages on which it was not fine-tuned?

aThe X-GENRE classifier is openly available in the Hugging Face repository at https://huggingface.co/classla/
xlm-roberta-base-multilingual-text-genre-classifier; and in the CLARIN.SI repository at http://hdl.
handle.net/11356/1961.
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(R2) Is there a discernible difference in the zero-shot performance of the model when applied to
languages closely related to the training languages compared to those that are not closely
related?

(R3) Can the model achieve satisfactory performance on languages that use non-Latin scripts,
where there is minimal or no token overlap between training and test data?

(R4) Is there a threshold for the level of under-resourcedness of a language, in terms of the size of
available data in the pretraining dataset, that would hinder the model’s performance on that
language?

The second part of the study analyses the impact of various linguistic features on the cross-
lingual genre classification by applying adversarial analyses. Through these analyses, we address
two additional research questions:

(R5) Which of the two linguistic features – word order, representing syntactic features, or the
vocabulary of the text, representing lexical features, has a greater influence on the zero-shot
cross-lingual classification?

(R6) Would machine-translating a text into English and applying the classifier on the translated
English text (the “translate-and-test” approach) provide better results than employing the
classifier in a zero-shot cross-lingual setting with the text in the original language?

1.2 Contributions
In summary, the paper presents the following findings:

(1) The X-GENRE classifier, a multilingual Transformer-based model, is capable of zero-shot
cross-lingual transfer across diverse languages and language families, encompassing several
Indo-European and a Turkic language. As shown in Section 4, the model yields high macro-
F1 scores, ranging from 0.80 to 0.95, with the exception of Maltese, which has not been
included in the pretraining data.

(2) The degree of linguistic relatedness between the training and test language does not sig-
nificantly impact cross-lingual performance. As shown in Section 5, despite the fact that the
classifier is fine-tuned only on English and Slovenian, the findings show superior performance
on Turkish, a non-Indo-European language, compared to Croatian, which is linguistically
closely related to Slovenian. Notably, the model achieves the highest scores on Ukrainian,
even surpassing its monolingual performance on Slovenian.

(3) The difference in scripts between the training and test data does not have an adverse effect
on the performance of the model. As shown in Section 6, the model demonstrates strong per-
formance on Macedonian and Ukrainian languages, which use Cyrillic script, and on Greek,
although it was fine-tuned on Latin-only script data. Additionally, an examination of the
token overlap between the training and test sets indicates that the model’s performance is not
dependent on the shared vocabulary.

(4) The X-GENRE model demonstrates strong performance on languages with limited represen-
tation in the XLM-RoBERTa pretraining data, as shown in Section 7. However, the model is
demonstrated to not be capable of cross-lingual transfer on Maltese, indicating that satisfac-
tory cross-lingual performance is unlikely when the model is applied to languages entirely
absent from the pretraining data. At the same time, a very high coverage of a language in the
pretraining data might have a positive impact on the cross-lingual performance, as shown by
high performance on the Ukrainian test set.

(5) Adversarial analysis reveals that altering the word order affects classification performance
more than removal of half of the words, as shown in Section 8. This finding, consistent across
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various languages and genre labels, indicates that syntax plays a crucial role in cross-lingual
genre classification.

(6) Additionally, adversarial analysis reveals that translating the texts into English using machine
translation results in lower scores. Our study demonstrates that zero-shot cross-lingual classi-
fication outperforms the approach of translating the text into the training language and using
the model in a monolingual classification setting.

To promote further research, we have integrated the newly developed, manually-annotated X-
GINCO test dataset in 10 languages into the AGILE Benchmark (Automatic Genre Identification
Benchmark), available at GitHub.b

Motivated by the promising results, as an additional contribution, we publish the MaCoCu web
corpora, automatically enriched with genre metadata.c By that, we provide a valuable resource
for the development of genre-specific datasets for corpus linguistic studies and various natural
language processing tasks. To the best of our knowledge, these datasets are the first large-scale
web corpora to provide genre information for all covered languages, with the exception of Catalan,
which is also included in the Register OSCAR dataset (Laippala et al. 2022).

2. RelatedWork
2.1 Automatic Genre Identification
Automatic genre identification is a text classification task which categorizes texts into genre cat-
egories. Genres are usually defined based on the author’s purpose, common function of the text,
and the text’s conventional form (Orlikowski and Yates 1994). Examples of genre categories
are News, Instruction or Poetry. Automatic genre identification has become a well-established
task, particularly since the advent of the World Wide Web which allowed querying and collecting
unprecedented quantities of texts. Consequently, there has been a large interest in genre identifica-
tion in the area of information retrieval to improve search engines with genre-based querying (see
Stubbe and Ringlstetter (2007); Zu Eissen and Stein (2004); Vidulin et al. (2007); Roussinov et al.
(2001); Finn and Kushmerick (2006); Boese (2005); Priyatam et al. (2013); Stein et al. (2010)) and
in the area of computational linguistics to be able to gain insights into the composition of massive
text collections, collected from the Web with automatic methods (Sharoff 2021; Kuzman et al.
2023b; Laippala et al. 2022). Automatic genre identification has been for long studied only on
English language. However, recent efforts have expanded to explore this task in other languages,
including Russian (Sharoff 2010 2018 2021; Lepekhin and Sharoff 2022), Finnish (Laippala et al.
2019; Skantsi and Laippala 2023), Swedish and French (Laippala et al. 2020; Repo et al. 2021),
and Slovenian and other South Slavic languages (Kuzman et al. 2022ba 2023a; Ljubešić and
Kuzman 2024). In addition to the benefits of genre identification for information retrieval and
corpus creation and curation, genre information was also shown to be beneficial for some natural
language processing (NLP) tasks, such as part-of-speech tagging (Giesbrecht and Evert 2009),
automatic summarization (Stewart and Callan 2009), machine translation (Van der Wees et al.
2018), and zero-shot dependency parsing (Müller-Eberstein et al. 2021). Furthermore, recent stud-
ies also showed usefulness of genres for automated genre-aware assessment of the credibility of
web documents (Agrawal et al. 2019) and the simplified development of question-answering test
datasets (Eskelinen et al. 2024).

The development of multilingual models for automatic genre identification with high cross-
lingual performance was especially made possible with the advent of Transformer-based pre-
trained language models which achieve much better performance on this task than previous

bhttps://github.com/TajaKuzman/AGILE-Automatic-Genre-Identification-Benchmark
cThe genre-enriched MaCoCu web corpora are available in the CLARIN.SI repository at http://hdl.handle.net/

11356/1969.

4.6. Related Paper: Zero-Shot Cross-Lingual Genre Classification on Diverse European
Languages 127



6 Natural Language Processing

non-neural and shallow neural methods (Kuzman et al. 2023a). These deep learning models can
achieve good performance on relatively small training data (Repo et al. 2021; Kuzman et al. 2022b
2023a). Multiple studies showed that the best-performing model for automatic genre identifica-
tion is the XLM-RoBERTa model (Conneau et al. 2020) which was pretrained on a massively
multilingual dataset, covering 100 languages (Rönnqvist et al. 2021; Repo et al. 2021; Kuzman
et al. 2022a; Henriksson et al. 2024). Interestingly, the multilingual XLM-RoBERTa model was
shown to provide comparable (Kuzman et al. 2022b) or even higher performance (Repo et al.
2021; Henriksson et al. 2024) than the monolingual models. This is in contrast to many other NLP
tasks where the language-specialised monolingual models tend to perform better than multilingual
models (Ulčar et al. 2021).

Previous research has already delved into cross-lingual genre prediction. Laippala et al. (2022)
and Henriksson et al. (2024) evaluated their multilingual genre classifiers on manually-annotated
test sets in diverse languages. However, these studies have a different focus and do not provide
in-depth analyses that would explain the lower performance of the model on some of the lan-
guages. Our study goes beyond overall performance and offers a systematic analysis of factors
that may influence cross-lingual generalization, such as script differences, linguistic relatedness,
and pretraining data coverage, in the context of genre classification.

2.2 Analyses of Cross-Lingual Capabilities of BERT-Like Models
The cross-lingual capabilities of the XLM-RoBERTa model (Conneau et al. 2020) and its limita-
tions have been explored in the context of various tasks, including named-entity recognition (Pires
et al. 2019; Lauscher et al. 2020; Hu et al. 2020; Karthikeyan et al. 2019), part-of-speech tagging
(Pires et al. 2019; Lauscher et al. 2020; Hu et al. 2020; Martínez-García et al. 2021), dependency
parsing (Lauscher et al. 2020), natural language inference (Lauscher et al. 2020; Hu et al. 2020;
Karthikeyan et al. 2019), and question answering (Lauscher et al. 2020; Hu et al. 2020). However,
the applicability of previous research findings to automatic genre identification remains uncertain.
Existing studies have primarily focused on cross-lingual performance in tasks involving token or
sentence classification, whereas automatic genre identification operates at the text level. At this
level, syntax may play a more significant role compared to previously researched tasks. Previous
studies on automatic genre identification demonstrated a high importance of grammatical features
in non-neural machine learning methods, especially for enhancing the model’s capacity to gener-
alize beyond the training data (Laippala et al. 2021; Kuzman and Ljubešić 2022). Secondly, genre
classification may exhibit less reliance on specific languages compared to other tasks. Previous
research comparing linguistic features across genres in different languages has revealed similari-
ties in linguistic variation, hinting at the multilingual nature of genres (Sharoff 2021; Biber 1995).
Consequently, the cross-lingual performance of BERT-like models within the task of automatic
genre identification remains rather unexplored. In this section, we introduce methods that can
be employed for in-depth analyses of cross-lingual performance of BERT-like models: linguis-
tic similarity, lexical overlap, coverage of the language in the pretraining data, and adversarial
analyses.

Linguistic similarity. Multiple studies examined whether there is a correlation between the per-
formance of the model and the linguistic similarity between the languages in the training and test
datasets (Philippy et al. 2023; Lauscher et al. 2020; Lin et al. 2019; Pires et al. 2019). The level
of similarity was measured based on the linguistic similarity vectors, such as lang2vec vectors
(Littell et al. 2017). The vectors are based on the URIEL Typological Compendium repository,
which includes the World Atlas of Language Structures (WALS) database (Dryer and Haspelmath
2013). However, Alves et al. (2023) warns that there is a limited number of features that would
cover all the languages, resulting in sparse linguistic similarity vectors. This constraint is also
observed in our study, where the syntactic lang2vec vectors do not include any syntactic features
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that would be common to all ten test languages. Consequently, the lack of feature overlap between
languages in the database renders this approach unsuitable for our study.
Lexical Overlap. Lexical overlap refers to the degree of shared words or subwords between the
training and test dataset. The research findings on the impact of lexical overlap are inconclusive.
Some studies showed that there is high feature importance of lexical overlap for token classifica-
tion tasks, like part-of-speech tagging, named-entity recognition and dependency parsing (Pires
et al. 2019), as well as for machine translation (Tan and Monz 2023). In contrast, other stud-
ies demonstrated high model performance even in the absence of vocabulary overlap and when
transferring across languages in different scripts (Karthikeyan et al. 2019).
Level of Resourcedness. Previous studies have frequently analysed the relationship between the
performance of the model and the level of resourcedness of the target language (Lauscher et al.
2020; Hu et al. 2020). To estimate the level of resourcedness, researchers used the sizes of mono-
lingual corpora in the model’s pretraining dataset, or their representation in the Wikipedia (Hu
et al. 2020). Multiple studies which analysed the performance of multilingual models on less
resourced languages have indicated that the absence of the language in the model’s pretraining
data is a significant predictor of poor performance on that language (Martínez-García et al. 2021;
Muller et al. 2021; Chau et al. 2020; Ebrahimi and Kann 2021; de Vries et al. 2022).
Adversarial Analyses. Syntax has been identified as a significant linguistic factor influencing
cross-lingual transfer (Philippy et al. 2023; Karthikeyan et al. 2019). Apart from employing
linguistic similarity vectors, researchers have explored the influence of syntax on performance
through adversarial analyses which involve altering the word order and assessing the effect on the
model’s performance (Karthikeyan et al. 2019; Philippy et al. 2023).

3. Experiment Design
In this section, we introduce the X-GENRE classifier (Section 3.1) and the datasets (Section 3.2)
used to assess its cross-lingual performance.

3.1 X-GENRE Classifier
In our study, we use the multilingual X-GENRE classifier (Kuzman et al. 2023a; Kuzman and
Ljubešić 2024b), an openly-available multilingual genre classifier.d It is a Transformer-based
XLM-RoBERTa model (Conneau et al. 2020) which was fine-tuned on an English-Slovenian X-
GENRE dataset (Kuzman and Ljubešić 2024a).e The training dataset comprises 1,772 instances,
annotated with nine genre categories. The label distribution is shown in Table 1. The most fre-
quent category, News, accounts for approximately 20% of the training data, followed by four
categories that each represent between 12% and 17% of the instances. The least frequent cate-
gories, Legal and Other, each make up 4% of the dataset. The dataset was constructed by joining
three manually-annotated datasets through the mapping of their original genre labels into a uni-
fied schema. It consists of similar portions of the English CORE (Egbert et al. 2015), the English
FTD (Sharoff 2018) and the Slovenian GINCO (Kuzman et al. 2022b) dataset.

The genre classifier assigns one of the following nine genre labels to a text:
Information/Explanation, Instruction, News, Legal, Promotion, Opinion/Argumentation,
Prose/Lyrical, Forum and Other (for a detailed description of labels, refer to Kuzman et al.
(2023a)). Following previous work (Ljubešić and Kuzman 2024), we introduce an additional
label Mix. This label is assigned to a text instance when the classifier’s confidence falls below

dThe X-GENRE classifier is available in the Hugging Face repository at https://huggingface.co/classla/xlm-
roberta-base-multilingual-text-genre-classifier; and in the CLARIN.SI repository at http://hdl.handle.
net/11356/1961.

eThe X-GENRE dataset is available in the CLARIN.SI repository at http://hdl.handle.net/11356/1960.
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Table 1. Distribution of genre categories in the X-GENRE training dataset (Kuzman et al. 2023a; Kuzman and Ljubešić 2024a),
reported by number of text instances and corresponding percentages.

Label Number of Instances Percentage
News 344 19.4%
Information/Explanation 306 17.3%
Promotion 287 16.2%
Opinion/Argumentation 242 13.7%
Instruction 210 11.9%
Forum 140 7.9%
Prose/Lyrical 109 6.2%
Other 70 4.0%
Legal 64 3.6%

0.80. This threshold value was chosen based on the findings from a manual analysis in Ljubešić
and Kuzman (2024) which indicated that the threshold of 0.8 offers a good balance between
precision and recall for identifying mixed-genre texts. The confidence is calculated based on
per-class logits, provided by the model, that are transformed into class probabilities via the
softmax function.

The in-dataset evaluation on the test split of the entire X-GENRE dataset demonstrated strong
performance of the classifier, reaching a micro-F1 score of 0.80 and a macro-F1 score of 0.79.
During the cross-dataset evaluation on a separate manually-annotated English test set, the model
attained a micro-F1 score of 0.68 and a macro-F1 score of 0.69 (Kuzman et al. 2023a). It is impor-
tant to highlight that in both assessments, the model was tested on all texts and across nine genre
labels, unlike the evaluations in this study where the texts labelled with non-specific labels Other
and Mix were excluded. Previous evaluations (Kuzman et al. 2023a) also included comparisons
with other machine learning methods, demonstrating the superior performance of the X-GENRE
classifier compared to other traditional text classification methods, including Logistic Regression,
Support Vector Machines, fastText (Joulin et al. 2017), and Naive Bayes models. Furthermore, the
model achieves comparable results to GPT-3.5 (OpenAI 2023) and GPT-4 models which are used
via prompting (Kuzman et al. 2023a). At the same time, it is more accessible, faster, less compu-
tationally intensive, and provides more reliable results within a predefined set of labels compared
to the instruction-tuned large language models.

3.2 Datasets
For the analysis of cross-lingual performance, we apply the X-GENRE model to the comparable
web corpora that were collected within the MaCoCu project (Bañón et al. 2022).f More precisely,
we use the monolingual MaCoCu corpora in ten languages: Albanian, Catalan, Croatian, Greek,
Icelandic, Macedonian, Maltese, Slovenian, Turkish, and Ukrainian. The corpora were collected
by crawling the national top-level domains, e.g., .si for Slovenian corpus, and related general
domains, such as .com. The post-processing pipeline included boilerplate removal, deduplication
on document and paragraph level, removal of non-target languages, removal of very short docu-
ments and other steps. The datasets can be considered to be comparable, as they were collected
in the same time period – between 2021 and 2023 –, and with the same tools for corpora collec-
tion and post-processing. Manual evaluation confirmed a high quality of the corpora content (van
Noord et al. 2024). Compared to other commonly-used multilingual web corpora, the MaCoCu
corpora were evaluated to be of a higher quality than the commonly-used mc4 (Xue et al. 2021)

fThe MaCoCu web corpora are available at https://macocu.eu/.
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and CC100 (Conneau et al. 2020; Wenzek et al. 2020) datasets. Quality-wise, they are compara-
ble to the OSCAR datasets (Ortiz Suárez et al. 2019), however, they cover larger quantities of the
languages analysed in this work.

Table 2. Details on the MaCoCu-Genre corpora, automatically-annotated with genres.

Language Script Language Family Branch Size (texts)
Albanian (sq) Latin Indo-European (separate branch) 1,300,135
Catalan (ca) Latin Ibero-Romance Indo-European 3,977,863
Croatian (hr) Latin Western South Slavic Indo-European 5,422,656
Greek (el) Greek Indo-European (separate branch) 10,414,965
Icelandic (is) Latin North Germanic Indo-European 1,737,017
Macedonian (mk) Cyrillic Eastern South Slavic Indo-European 1,482,495
Maltese (mt) Latin Central Semitic Arabic Afro-Asiatic 513,437
Slovenian (sl) Latin Western South Slavic Indo-European 4,063,462
Turkish (tr) Latin Southern Turkic 10,453,221
Ukrainian (uk) Cyrillic East Slavic Indo-European 13,453,605
10 languages 3 scripts 9 language families branches 52,818,856

The process of creating the multilingual test set involved several steps as depicted in Figure 2.
These steps included additional cleaning of the web corpora, classification using the X-GENRE
classifier, and selection of test instances that were balanced in terms of language and labels.
Finally, the test set underwent manual annotation to establish gold labels.

Additional cleaning involved the following steps: 1) removal of paragraphs not written in the
desired language; 2) removal of all texts that are shorter than seventy-five words, based on the
assumption that genre is a document-level phenomenon and cannot be reliably predicted for very
short texts (Kuzman et al. 2023ab); 3) truncation of texts to the first 512 words due to the model’s
input size constraints.

After the additional post-processing, we applied the X-GENRE classifier to the MaCoCu cor-
pora. Table 2 presents the final number of texts that were automatically annotated with genres
for each corpus. In total, the automatically-annotated collection comprises almost 53 million
texts. The corpora encompass ten languages from nine different branches of the three primary
language families, namely Indo-European, Turkic, and Afro-Asiatic. While the majority of the
datasets are in Latin script, datasets in Cyrillic (Macedonian and Ukrainian) and Greek script
were also included to broaden the analysis across different scripts. We have made the newly devel-
oped genre-enriched MaCoCu web corpora openly accessible under the name “MaCoCu-Genre”
corpora.g

The automatic genre annotation was followed by a post-processing step in which we removed
texts which the classifier could not classify as any of the concrete genres – texts annotated with the
labels Other or Mix. This was done to ensure that our evaluation focused on instances with clear,
high-confidence genre labels, which is essential for use cases such as developing genre-specific
datasets for NLP tasks and conducting genre-based corpus linguistic analyses, where uncertain or
mixed-genre predictions are less desirable.

This resulted in removal of approximately seven per cent of texts, meaning that the X-GENRE
classifier assigned a specific genre label to approximately ninety per cent of the texts in each
corpus. The Maltese web corpus stands out as an outlier with specific genre labels predicted to
only around seventy per cent of texts. In this corpus, the label Mix was assigned to about a quarter
of the instances, suggesting a low prediction confidence of the model. This observation serves as

gThe genre-enriched MaCoCu web corpora are available in the CLARIN.SI repository at http://hdl.handle.net/
11356/1969.
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Figure 2. The pipeline used for the development of the multilingual test set.

an initial indication that the classifier may face challenges in accurately predicting genres in the
Maltese language.

3.2.1 Test Set Preparation
To assess the model’s performance across all labels, balanced test sets are prepared. From
each automatically-annotated MaCoCu-Genre web corpora, we extract ten random instances
per each of the eight genres (Information/Explanation, Instruction, News, Legal, Promotion,
Opinion/Argumentation, Prose/Lyrical, and Forum). Each language-specific test set comprises
eighty instances, except for Maltese where there were no instances of the genre Legal, resulting
in the test set of seventy instances.

Finally, the test sets are manually annotated by an expert annotator with a background in lin-
guistics and computational linguistics that had experience from the previous annotation campaigns
(Kuzman et al. 2022b 2023a). Previous campaigns reported that the annotator’s agreement with a
second annotator reached a nominal Krippendorff’s alpha of 0.71 (Krippendorff 2018), indicating
a reliable level of annotation quality (Kuzman et al. 2022b). The annotation followed the anno-
tation guidelines developed for the GINCO genre schema (Kuzman et al. 2022b), which were
modified for the X-GENRE schema (Kuzman et al. 2023a). To support consistent annotations
across all languages, the annotator relied on English translations of the original texts, created with
the Google Translate neural machine translation system. The annotator, experienced in machine
translation evaluation, was instructed to discard any instance where the machine translation might
have altered the overall meaning, topic, or genre of the text. The translations were generally
clear and readable, and there were no cases where the annotator would have expressed doubt
about whether mistranslation affected genre identification. While this approach has limitations, it
assured consistent annotation decisions regardless of the source language, minimizing variation
introduced by having different annotators for each language. To avoid bias, the annotator was not
provided with the automatic genre predictions used to select the test samples.

The final manually-annotated test dataset, designated as the “X-GINCO” dataset, comprises all
ten language-specific test sets. As shown in Table 3, the dataset is balanced across languages, and
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each language-specific subset is roughly balanced across genre labels. On average, each genre
label is represented by 9 to 11 text instances per language. Overall, each language comprises
approximately 80 text instances, amounting to between 17,000 and 25,000 words. Each genre
label is represented by 87 to 109 instances across the dataset. In total, the X-GINCO dataset
consists of 790 instances and approximately 210,000 words.

Table 3. Details on the final manually-annotated X-GINCO test dataset in term of the total number of text instances per genre
label, total number of instances per language, and the number of instances per genre label for each language – Albanian (sq),
Catalan (ca), Croatian (hr), Greek (el), Icelandic (is), Macedonian (mk), Maltese (mt), Slovenian (sl), Turkish (tr), and Ukrainian
(uk). The labels Information/Explanation and Opinion/Argumentation are abbreviated as Information and Opinion.

labels sq ca hr el is mk mt sl tr uk Total
News 8 7 9 10 12 12 16 10 11 10 105
Opinion 11 9 8 13 12 8 8 7 12 12 100
Instruction 9 6 6 7 8 10 19 10 10 11 96
Information 15 15 11 13 6 9 13 10 7 10 109
Promotion 9 13 13 6 14 11 12 10 11 8 107
Forum 8 9 12 11 9 10 1 10 8 9 87
Prose/Lyrical 11 12 11 10 10 11 1 12 11 10 99
Legal 9 9 10 10 9 9 0 11 10 10 87
Total (texts) 80 80 80 80 80 80 70 80 80 80 790
Total (words) 18,125 21,064 17,041 23,189 23,094 18,221 25,460 17,197 21,096 23,608 208,095

We do not publicly release the test dataset in order to prevent large language models (LLMs)
from incorporating these data during their training phase. By taking this precautionary measure,
we can proceed with evaluating future models using this test dataset without the possibility of
data leakage via the LLM training dataset. However, the X-GINCO test dataset remains avail-
able upon request from the corresponding author. Additionally, we have integrated the dataset
into the AGILE Benchmark (Automatic Genre Identification Benchmark) at GitHub,h providing
a framework for evaluating genre classification across multiple languages.

3.2.2 Genre Distribution in Automatically-Annotated Corpora
The distribution of genre labels in the automatically-annotated datasets is depicted in Figure 3.
The Figure shows how automatic genre annotation can provide us with meaningful insight into
the corpora content and the differences between the corpora. The predominant genre categories
in the analysed web corpora (excluding Maltese) are News, Promotion, Information/Explanation,
and Opinion/Argumentation. The four genres together represent around seventy to eighty-five per
cent of each corpus. Instruction and Forum typically account for less than ten per cent of corpora,
while Legal and Prose/Lyrical are the least represented, accounting for from less than one per cent
to up to three per cent of the corpora.

Figure 3 indicates notable differences in the genre distribution between the Maltese dataset and
other corpora. News, which is the most frequent label in other corpora, representing one-third to
two-thirds of texts, is almost not present in the Maltese dataset. In contrast, the most frequent label
in Maltese dataset is Information/Explanation, accounting for around forty per cent of the texts,
while it represents up to twenty per cent of texts in other corpora. Notably, no texts in the Maltese
corpus were categorized under the label Legal.

hhttps://github.com/TajaKuzman/AGILE-Automatic-Genre-Identification-Benchmark
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Figure 3. Genre distribution in MaCoCu datasets (in percentages of texts).

4. Zero-Shot Cross-Lingual Performance
In this section, we evaluate the performance of the X-GENRE classifier on the multilingual test
set in a zero-shot cross-lingual manner. Performance is reported using the macro-F1 score, cal-
culated as the arithmetic mean of the F1 scores for each genre label. This ensures that the final
reported performance is not influenced by the number of instances per genre in the test set, but
rather reflects the classifier’s performance across all genres equally. We first examine the classi-
fier’s performance across languages, followed by an analysis of its performance with respect to
particular labels.

Based on prior work (Sharoff 2018; Repo et al. 2021; Rönnqvist et al. 2021) and human per-
formance on this task (Kuzman and Ljubešić 2023), measured by inter-annotator agreement, we
consider macro-F1 scores of around 0.70 as the minimum threshold for acceptable performance of
a genre classifier. As detailed in Table 4, the cross-lingual transfer demonstrates notable success
across diverse languages. With the exception of Maltese, the model attains macro-F1 scores rang-
ing from 0.80 to 0.95. Maltese stands out as an outlier, with the macro-F1 score below 0.50. This
lower performance on Maltese can likely be attributed to its absence from the XLM-RoBERTa pre-
training dataset, as observed in previous natural language processing tasks (Ebrahimi and Kann
2021; Muller et al. 2021; Chau et al. 2020; de Vries et al. 2022) (refer to Section 7 for a more in-
depth discussion on this). The highest macro-F1 scores are achieved on the Ukrainian, Slovenian,
and Macedonian test datasets, with macro-F1 exceeding 0.90. These findings address Research
Question 1 (R1), demonstrating that the X-GENRE classifier is capable of zero-shot cross-lingual
transfer across diverse languages and language families.
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Table 4. Per-label performance in terms of F1 scores for each test set, and per-dataset performance in terms of macro-F1. The
penultimate column shows the average F1 score (avg) for each label across all datasets, excluding the scores for the Maltese
test set. The last column shows the results for the Maltese test set which is regarded as an outlier.

Genre label ca el hr is mk sl sq tr uk Avg mt
News 0.82 0.90 0.95 0.73 0.91 0.90 0.89 0.95 1.00 0.89 0.69
Opinion 0.84 0.87 0.78 0.82 0.78 0.82 0.67 0.82 0.91 0.81 0.33
Instruction 0.75 0.71 0.75 0.78 1.00 1.00 0.95 0.90 0.95 0.86 0.69
Information 0.72 0.70 0.95 0.50 0.84 0.90 0.80 0.82 1.00 0.80 0.52
Promotion 0.78 0.62 0.87 0.75 0.95 1.00 0.95 0.86 0.78 0.84 0.82
Forum 0.84 0.95 0.91 0.95 1.00 1.00 0.78 0.89 0.95 0.91 0.18
Prose/Lyrical 0.91 1.00 0.86 1.00 0.95 0.91 0.86 0.95 1.00 0.93 0.18
Legal 0.95 1.00 1.00 0.84 0.95 0.95 0.95 1.00 1.00 0.96 /
Macro-F1 0.83 0.84 0.88 0.80 0.92 0.94 0.85 0.90 0.95 0.87 0.49

Figure 4. Language family tree for the languages included in the training set (English and Slovenian) and the test set,
excluding Maltese. Based on their position in the language family tree, the languages are assigned scores from zero to
five, which represent the degree of their linguistic relatedness to the training languages.

The model was shown to be highly capable of identifying all eight genre labels. The
label-level F1 scores, averaged across the test sets (excluding Maltese) range from 0.80
(Information/Explanation) to 0.96 (Legal). Notably, for certain labels, the model achieves the
perfect F1 score of 1.0. The genre labels with the lowest model performance across test sets are
Opinion/Argumentation and Information/Explanation.

5. Performance in Relation to Linguistic Relatedness
The languages included in the test set exhibit varying degrees of linguistic relatedness to Slovenian
and English, the languages on which the X-GENRE classifier was fine-tuned. These degrees of
relatedness are depicted in the language family tree in Figure 4 encompassing the training and test
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Figure 5. Relation between the macro-F1 scores on the test sets and the degree of linguistic relatedness between the test
language and the training languages (Slovenian and English) as defined in Figure 4.

languages. The tree was constructed based on the Ethnologue: Languages of the World (Eberhard
et al. 2023),i which is a widely recognized reference in the field of linguistics and is supported
by a community of linguists and researchers. Maltese has been excluded from the analysis due to
the findings presented in Sections 3.2.2 and 4, indicating the model’s inability to achieve cross-
lingual transfer for this language, which is further elaborated upon in Section 7. Languages have
been assigned scores ranging from zero to five based on their hierarchical relationship to the
training languages within the language family tree. Slovenian has been assigned a score of five as
it is present in both the training and the test set. Croatian, being in the same branch as Slovenian,
has been assigned a score of four. Macedonian, located one edge away in the family tree, has been
assigned a score of three. Ukrainian and Icelandic, two edges away from Slovenian and English
respectively, have been assigned a score of two. Languages situated on separate branches have
been assigned a score of one, while Turkish, belonging to a different language family, has been
assigned a score of zero.

The presented results address the Research Question 2 (R2) by investigating potential differ-
ences in zero-shot performance between languages that are closely related to training languages

ihttps://www.ethnologue.com/browse/families/
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Figure 6. Relation between the token overlap (in percentages) between the test sets and training dataset and macro-F1
scores for each test set.

(Slovenian and English) compared to those that are not. The results presented in Figure 5 demon-
strate that the model reaches high macro-F1 scores on all languages with linguistic relatedness
scores of three or higher. However, the model also shows high performance on Turkish, a lan-
guage least related to the training languages, as it does not belong to the Indo-European language
family. Furthermore, the model performs better on Turkish than on Croatian, a language closely
related to Slovenian. Interestingly, the model achieves higher scores on the Ukrainian test set in
the zero-shot cross-lingual scenario compared to the monolingual scenario, that is, when evaluated
on the Slovenian test set. This suggests that there is no direct relationship between the linguistic
relatedness of the test and training languages and the model’s zero-shot cross-lingual performance.

6. Performance in Relation to Low Vocabulary Overlap
The selection of test languages includes languages that use Cyrillic script (Ukrainian and
Macedonian) and Greek script. This allows us to evaluate the model’s performance on a test
set characterized by a low vocabulary overlap with the training dataset. Vocabulary overlap is
assessed at the token level, where tokens represent sub-word units that serve as the inputs to the
neural language models. Token overlap refers to the proportion of tokens in the test set that are
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present in the X-GENRE training dataset. To compute this, we tokenize all texts in both the X-
GENRE training set and the test sets using the XLM-RoBERTa-base tokenizer,j which is also used
by the X-GENRE classifier. For each text, we remove the special start and end tokens added by
the tokenizer and truncate the sequence to the first 512 tokens, in line with the model’s input limit.
The resulting tokens are aggregated into a single list per dataset. We then identify the percentage
of tokens in each language-specific test set that are not present in the training data. The final over-
lap between the test dataset and the training dataset is calculated as one minus this percentage of
tokens that appear only in the test dataset. As in previous sections, the Maltese test set is excluded
from the analyses.

The analysis of the model’s performance in relation to the vocabulary overlap, depicted in
Figure 6, addresses Research Question 3 (R3), demonstrating the model’s ability of cross-lingual
transfer across scripts. Ukrainian, Macedonian and Greek, which use non-Latin scripts, exhibit
a very low vocabulary overlap with only approximately fifteen per cent of tokens in the test set
present in the training set, meaning that the majority of tokens have not been encountered by
the genre classifier during fine-tuning. Examination of the overlapping tokens from these test
sets reveals that they primarily consist of punctuation marks and numerical characters. Despite
this, the model achieves some of the overall highest scores on Ukrainian and Macedonian, and a
high macro-F1 score of 0.84 on Greek. This finding aligns with prior research reporting robust
cross-lingual performance across scripts for other NLP tasks (Karthikeyan et al. 2019; Pires et al.
2019).

Furthermore, the model shows comparable or superior performance on Latin test sets with a
lower vocabulary overlap in comparison to those characterized by a high vocabulary overlap. For
instance, the Croatian test set has a significant vocabulary overlap with the Slovenian-English
training set, which is not surprising, considering that Croatian is closely related to Slovenian.
However, the model’s performance on the Croatian test set is inferior to its performance on the
Turkish test set, which stands out with one of the lowest vocabulary overlaps among Latin lan-
guages at approximately fifty per cent. This further confirms that the performance of the model is
not dependent on the degree of vocabulary overlap.

7. Performance in Relation to Coverage in Pretraining Data
In this section, we explore the potential influence of language coverage in the pretraining data
on the performance of the classifier. The dataset on which the XLM-RoBERTa model was pre-
trained is the CC100 dataset (Conneau et al. 2020; Wenzek et al. 2020). This dataset comprises
monolingual corpora for 100 languages sourced from the Commoncrawl snapshots from January
to December 2018. Based on data sizes in specific languages, as reported in Conneau et al.
(2020), Ukrainian is the most well-represented language among the test languages, with a substan-
tial eighty-five gigabytes of Ukrainian texts included in the pretraining dataset. The relationship
between the language coverage in the pretraining dataset and the model performance is illustrated
in Figure 7, where Ukrainian exhibits both high coverage in the pretraining dataset and the high-
est macro-F1 score. This suggests that high coverage could contribute to superior performance on
this language, despite minimal lexical overlap and a moderate level of relatedness to the training
languages. However, additional experiments with more languages with high coverage are needed
to validate this hypothesis.

The Ukrainian language is followed by Greek with forty-seven gigabytes of texts included in
the pretraining data, and Croatian and Turkish with thirty and twenty-one gigabytes respectively.
These languages are categorized as Medium Coverage languages. Other languages are represented
with ten gigabytes of texts or less, falling into the Low Coverage group. The least represented lan-
guages (excluding Maltese) are Icelandic, Macedonian, and Albanian with three to five gigabytes

jhttps://huggingface.co/FacebookAI/xlm-roberta-base
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Figure 7. Relation between the size of the test language in the XLM-RoBERTa pretraining data (Conneau et al. 2020) and
macro-F1 scores achieved on the respective test set. High coverage languages are represented by more than sixty giga-
bytes of text in the pretraining dataset, Medium coverage languages by between ten to up to sixty gigabytes, and Low
coverage languages by ten gigabytes of text or less.

of texts in the pretraining data. As shown in Figure 7, the model demonstrates high zero-shot
cross-lingual performance on both Medium and Low Coverage languages (excluding Maltese),
achieving macro-F1 scores of 0.80 or higher. Furthermore, the results in Figure 7 show that there
is no discernible difference in terms of performance between the Medium Coverage and Low
Coverage languages, despite the former group having over ten times more data in the pretraining
dataset.

The findings presented in Sections 3.2.2 and 4 indicate that the performance of the model on the
Maltese test set is suboptimal, with macro-F1 scores below 0.50. Maltese stands out as the only
test language absent from the pretraining dataset of the XLM-RoBERTa model (Conneau et al.
2020), on which the X-GENRE classifier is based. Several previous studies showed that the XLM-
RoBERTa model exhibits poor performance on Maltese across different NLP tasks (Ebrahimi and
Kann 2021; Muller et al. 2021; Chau et al. 2020; de Vries et al. 2022). Furthermore, previous
research put forward the absence of Maltese from the pretraining data as a significant factor con-
tributing to the model’s inadequate performance on this specific language (Martínez-García et al.
2021; de Vries et al. 2022). Following previous research, we assume that this is likely to be the
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Figure 8. Example of an Albanian text instance to which the following adversarial attacks were applied: translation to
English, word order shuffling, and removal of half of the words in the text.

primary cause for the model’s suboptimal performance on Maltese also in the context of the task
of automatic genre identification.

These findings provide insights that address Research Question 4 (R4). The results demonstrate
that the exclusion of a language from the XLM-RoBERTa pretraining dataset negatively impacts
the model’s performance. However, as long as a language is included in the pretraining dataset,
even with less than five gigabytes of texts, the model exhibits high cross-lingual performance with
no discernible difference between the Low and Medium coverage languages.

8. Adversarial Analysis
In this section, we conduct an examination of the impact of various linguistic features on the
cross-lingual performance in automatic genre identification. We carry out the following adversar-
ial attacks on texts in test sets and measure the decrease of macro-F1 scores: word order shuffling,
removal of half of the words in the text, and translation to English with a machine translation sys-
tem. Figure 8 presents an example of the modified Albanian texts resulting from the adversarial
attacks.

Word order. Previous studies, based on non-neural machine learning methods, have indicated the
importance of syntax in automatic genre identification (Laippala et al. 2021; Kuzman and Ljubešić
2022). To examine the impact of the syntax on the cross-lingual performance of the Transformer-
based classifier, we disrupt the word order by merging all paragraphs together and shuffling the
words in the entire text.

Removal of half of the words. The analysis of relation between the vocabulary overlap and per-
formance on test sets, discussed in Section 6, revealed that the model can achieve high zero-shot
performance on test sets with minimal token overlap. In this section, we extend the analysis of the
impact of the vocabulary in the test set on performance by randomly removing half of the words
from each text.

Machine Translation. The “translate-and-test” pipeline has been frequently considered as an
alternative approach to zero-shot cross-lingual classification (Tebbifakhr et al. 2019; Unanue et al.
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Table 5. The impact of adversarial attacks in terms of decrease in macro-F1 and label-level F1 points. The penultimate column
shows the average decrease in points for each label. The last column shows the label-level F1 score achieved on the original
texts prior to the attacks. All scores are calculated on the combined test sets and therefore slightly differ from the averaged
label-level F1 scores in the Avg column in Table 4.

Label Translation Shuffled Word Order Half of Words Removed Average Initial F1 Score
Information/Explanation F1 -3.81 -11.57 -5.65 -7.01 77.51

Instruction F1 -4.74 -16.11 -9.65 -10.17 84.69
News F1 -15.99 -17.53 -14.13 -15.88 86.83
Legal F1 -7.29 -9.46 -11.77 -9.51 96.05

Opinion/Argumentation F1 -23.69 -36.56 -18.82 -26.36 77.00
Promotion F1 -12.90 -6.36 -6.36 -8.54 84.06

Forum F1 -23.90 -13.44 -11.60 -16.31 87.70
Prose/Lyrical F1 -5.66 -6.41 -2.13 -4.73 89.45

Macro-F1 -12.25 -14.68 -10.01 -12.31 85.41

2023; Khalil et al. 2019; Amjad et al. 2020). In this pipeline, the test instances are first translated
into a high-resource language (typically English) using neural machine translation, and then the
classifier developed for the high-resource language is applied to the translated text. Previous work
has shown varying results across languages and tasks. Building upon these insights, we inves-
tigate the impact of machine translation on automatic genre identification. To this end, we use
the Google Translate neural machine translation system to translate the texts into English. We

Figure 9. Performance of the model on the test sets in macro-F1 scores on texts modified with adversarial attacks.
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manually assess the quality of the resulting translations. Although they are not perfect, manual
assessment confirms that topic and genre can still be discerned from them.

In the examination of the impact of adversarial attacks, we report macro-F1 and label-level
scores across the entire test dataset, encompassing all language-specific test sets, with the excep-
tion of Maltese. For every adversarial attack, we apply the X-GENRE classifier to the modified
text instances and assess the impact of the attack by calculating the decrease of model’s scores
compared to its performance on the original texts.

Table 5 presents the impact of adversarial attacks on the performance of the model in terms
of the decrease of macro-F1 scores and the label-level F1 scores. The greatest impact on the
overall macro-F1 score is observed when shuffling word order, resulting in a 15-point decrease.
Following this, machine translation causes a slightly smaller decrease of twelve points in the
macro-F1 score. Removing half of the words has the least impact on the macro-F1 score, lead-
ing to a 10-point decrease. These findings address Research Questions 5 (R5) and 6 (R6). The
results demonstrate that shuffling word order has a higher impact on performance compared to
removing half of the words from the text, highlighting the significance of syntax in cross-lingual
automatic genre identification. Additionally, in addressing Research Question R6, we explore the
use of machine translation, followed by classification as an alternative to zero-shot cross-lingual
classification. The results indicate that using the “translate-and-test“ approach provides notably
lower performance than the use of a multilingual classifier in a zero-shot scenario.

The results in Table 5 also allow for an analysis of the impact of adversarial attacks on label-
level performance. The analysis reveals that the identification of most of the labels is impacted
the most by shuffled word order. However, the classifier’s performance on Promotion and Forum
is decreased the most by translating the test language into English. This observation indicates
that the style and register in which the text is written are among key distinguishing factors for
the recognition of these two genres. Specifically, Forum texts are often written in non-standard
language, a feature that might not have been effectively conveyed in the translation process, which
is a likely cause for the decrease in performance. Interestingly, the Opinion/Argumentation genre
exhibits the highest vulnerability to adversarial attacks, with an average decrease of approximately
twenty-five points in the F1 score. In contrast, the category Prose/Lyrical demonstrates lower
susceptibility to attacks, with removal of half of the words only decreasing the F1 score for two
points and shuffling the word order resulting in a decrease of six points.

Figure 9 demonstrates the impact of adversarial attacks on language-specific test sets. The
results across all test sets consistently indicate that shuffling the word order has a more significant
detrimental effect compared to the removal of half of the words from the text. The test sets that use
non-Latin script (Macedonian, Ukrainian and Greek) experienced the highest decrease of points
as a result of this adversarial attack, ranging from a drop of twenty-one to twenty-five points
in macro-F1. This suggests that the model likely relies heavily on syntactic features for genre
prediction especially in these languages, as lexical information is less informative due to the lack
of vocabulary overlap between the training and test sets. In contrast, for texts in Latin script, the
model might be able to mitigate the effects of syntactical perturbations caused by the adversarial
attack by leveraging shared vocabulary. As illustrated in Figure 9, the performance decline for test
sets in Latin scripts, resulting from the shuffled word order, is comparable to or slightly greater
than the decline observed when half of the words are removed. The translation to English with
the machine translation system was demonstrated to be detrimental to the model’s performance as
well. The “translate-and-test” pipeline led to a decrease in macro-F1 scores ranging from seven
points (Catalan test set) to more than sixteen points (Greek, Ukrainian, and Slovenian).
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9. Conclusion
In the study, we assess the zero-shot cross-lingual capabilities of the Transformer-based X-
GENRE classifier (Kuzman et al. 2023a) on diverse European languages. Through experiments
conducted on a novel manually-annotated test dataset comprising ten languages from three lan-
guage families, we demonstrate that the X-GENRE classifier is capable of zero-shot cross-lingual
transfer across diverse languages. Notably, the classifier achieves macro-F1 scores ranging from
0.80 to 0.95 on all languages except Maltese. These findings indicate that the openly-available
X-GENRE classifier can be applied on corpora in any of the 100 languages it was pretrained on
for high-quality automatic enrichment with genre information.

To ascertain the potential efficiency of the genre classifier on additional languages not included
in the test dataset, we analyse the impact of various factors on its performance. These factors
include the degree of linguistic relatedness between the test language and the training language,
the use of non-Latin scripts, and the extent of the coverage of the language in the XLM-RoBERTa
(Conneau et al. 2020) pretraining dataset, since the X-GENRE classifier is a fine-tuned version of
this massively multilingual model. The experiments lead to the following findings:

• Degree of Linguistic Relatedness The study reveals that the degree of linguistic relat-
edness between the test language and the training language does not significantly impact
cross-lingual performance. Inter alia, the model exhibits superior performance on Turkish,
a language from a different language family than the training languages (English and
Slovenian), compared to Croatian, which is closely related to Slovenian in the training data.

• Performance Across Scripts The model performance is not negatively impacted when
applied across scripts. Even though the X-GENRE model was fine-tuned on texts in Latin
script, it demonstrates strong performance on languages that use Cyrillic or Greek script.
As test sets in non-Latin scripts have a limited vocabulary overlap with the Latin training
dataset, we extend the analyses to assess the impact of vocabulary overlap on the model’s
performance. An analysis of the token overlap between the training and test datasets reveals
that the model’s performance is not dependent on the presence of shared vocabulary.

• Test Language Coverage in the Pretraining Dataset The analysis of the relationship
between the coverage of the test language within the XLM-RoBERTa pretraining data and the
performance of the model on the test set indicates that even low coverage (three to five giga-
bytes of texts) of the test language in the pretraining data suffices for the X-GENRE model
to exhibit strong performance. However, in cases where the test language is entirely absent
from the pretraining data, such as Maltese, achieving satisfactory cross-lingual performance
is unlikely. Interestingly, substantial coverage of a test language in the pretraining data might
have a positive impact on cross-lingual performance, as evidenced by the classifier achiev-
ing the highest macro-F1 scores on Ukrainian, the language with the highest coverage in the
pretraining dataset.

• Impact of Syntax versus Vocabulary The examination of the effects of two adversarial
attacks, specifically removing half of the words from the text and shuffling the word order,
on the cross-lingual performance of the model demonstrates that shuffling the word order,
which disrupts syntax, has greater or comparable influence on performance compared to the
removal of vocabulary. This finding highlights the significant role of syntax in cross-lingual
genre identification.

• Impact of Machine Translation on Performance Translating the texts into English with
a machine translation system and applying the classifier on the translated text is shown to
provide inferior results than the zero-shot cross-lingual classification. Translation is found
to particularly hinder the identification of genres that are characterized by distinct language
styles, such as Forum that is known for its non-standard language. These findings highlight
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the suitability of zero-shot cross-lingual classification as the preferred approach for genre
classification in languages lacking language-specific genre classifiers.

The newly developed manually-annotated X-GINCO test dataset in ten languages is available
upon request from the corresponding author. Additionally, to encourage further research, we have
integrated the dataset into the AGILE Benchmark (Automatic Genre Identification Benchmark),
which can be accessed at GitHub.k The test dataset is intentionally not published online to pre-
vent its inclusion in the training data of large language models (LLMs), which ensures reliable
evaluation of future LLMs and other technologies.

Motivated by positive results, as an additional contribution, we publish the MaCoCu cor-
pora automatically annotated with genres under the name “MaCoCu-Genre” datasets. The newly
available dataset collection encompasses approximately 52 million texts in nine test languages
(excluding Maltese), enriched with genre information.l We have not published the Maltese web
corpus, as cross-lingual genre prediction for this language did not yield satisfactory results.

The MaCoCu-Genre corpus collection has now already been used in several studies which
leveraged the provided genre information to facilitate a more controlled development of training
and test datasets. Specifically, in a study investigating the development of training data for news
topic classification using large language models, a collection of 20,000 news texts was extracted
from the Slovenian, Croatian, Catalan, and Greek MaCoCu-Genre corpora by filtering the datasets
based on the News genre label (Kuzman and Ljubešić 2025). Another study used the Slovenian
genre-enriched corpus to develop a question-answering test dataset for the evaluation of retrieval-
augmented generation systems in the Slovenian language (Kuzman et al. 2024). The authors noted
that, due to the high level of comparability of the MaCoCu-Genre corpora in terms of their con-
struction methodology and format, the same approach can be readily applied to other corpora
within the collection to develop question-answering datasets for additional languages.

In further work, we plan to extend our cross-lingual analyses to additional languages. The
selection of languages for the current study is based on the availability of the languages in the
MaCoCu corpora (Bañón et al. 2022) to ensure high comparability of the test sets. Consequently,
the study is limited to a selection of European languages. Moving forward, we aim to extend our
evaluation to languages from diverse regions around the world.

Furthermore, the analysis reveals that the model achieves inferior performance on Maltese due
to the absence of this language in the XLM-RoBERTa pretraining data. Previous work (Muller
et al. 2021; Chau et al. 2020; Ebrahimi and Kann 2021) has demonstrated that additional pretrain-
ing of the XLM-RoBERTa model with monolingual data notably improves the performance of
massively multilingual BERT-like models on Maltese across various tasks. Future research could
explore using a model that is additionally pretrained on Maltese and other languages excluded
from the XLM-RoBERTa pretraining dataset and fine-tuning it with the English-Slovenian X-
GENRE dataset. Another promising direction would be to investigate whether fine-tuning the
XLM-RoBERTa model on a manually annotated genre training dataset in a language that is not
included in the XLM-RoBERTa pretraining dataset would improve its performance on this lan-
guage, or if additional pretraining is critical. An intriguing question to address in this context is
the balance between pretraining and fine-tuning: to what extent does additional pretraining solve
language-specific challenges compared to direct fine-tuning on a target language dataset without
prior pretraining? These approaches could yield valuable insights into optimizing multilingual
models for low-resource languages.

khttps://github.com/TajaKuzman/AGILE-Automatic-Genre-Identification-Benchmark
lThe genre-enriched MaCoCu-Genre web corpora are available in the CLARIN.SI repository at http://hdl.handle.

net/11356/1969.
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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

Until recently, the dominant approach for text classi-
fication tasks relied on fine-tuning BERT-like trans-
former models on thousands of manually-annotated
training examples. Recently, however, the field has
shifted with the development of instruction-tuned
decoder-only transformer models. These models,
also commonly referred to as large language mod-
els (LLMs), which were originally developed primar-
ily for text generation tasks, have demonstrated
remarkable capabilities across a broad range of
natural language processing (NLP) tasks, includ-
ing text classification (Kuzman et al., 2023; Huang
et al., 2023).

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 Ljubešić,
2023; Mochtak et al., 2024; Kuzman and Ljubešić,
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-
tion of parliamentary speeches, topic classification

in news articles, topic classification in parliamen-
tary speeches, and automatic genre identification
in web texts. These tasks span different domains
and language styles, allowing for a comprehensive
analysis of the performance of transformer-based
models on text classification tasks. Specifically,
we compare the performance of openly available
fine-tuned BERT-like models with the zero-shot ca-
pabilities of both open-weight and closed-source
LLMs used via prompting.

An important aspect of our study is to examine
whether the performance of multilingual models on
South Slavic languages is on par with their perfor-
mance on English. This question is particularly
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
Ljubešić, 2025) and sentiment analysis in parlia-
mentary texts (Mochtak et al., 2025):

H1 Zero-shot prompting with instruction-tuned
large language models (LLMs) can achieve

4.7. Related Paper: State of the Art in Text Classification for South Slavic Languages:
Fine-Tuning or Prompting? 149



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 Ljubešić, 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
(LLMs), 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; Ljubešić et al., 2024a; Huang
et al., 2023; Kuzman Pungeršek 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 Ljubešić, 2025), auto-
matic genre identification (Kuzman et al., 2023),
causal commonsense reasoning (Ljubešić 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 Ljubešić, 2025; Kuzman Pungeršek
et al., 2026). Despite the growing interest in this
topic, the majority of evaluations of LLMs used in
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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 Ljubešić, 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 Pungeršek 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 schema1 (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

1https://show.newscodes.org/index.
html?newscodes=medtop&lang=en-GB&
startTo=Show

2https://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.3 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.

3The code for the model evaluation
and analysis of results is available at
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 Ljubešić,
2024d, 2023) for automatic genre identification,
the IPTC News Topic classifier (Kuzman and
Ljubešić, 2025; Kuzman and Ljubešić, 2025)
for news topic classification, and the ParlaCAP
classifier (Kuzman Pungeršek et al., 2026;
Kuzman Pungeršek and Ljubešić, 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 (Ljubešić 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 Pungeršek
and Ljubešić, 2026; Kuzman Pungeršek 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 Ljubešić, 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 Ljubešić, 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 OpenAI
models, namely the GPT-3.5-Turbo (gpt-3.5-
turbo-0125; OpenAI, 2023), GPT-4o (gpt-
4o-2024-08-06; OpenAI, 2024) and the
GPT-5 (gpt-5-2025-08-07; OpenAI, 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 AI, 2025)
by Mistral AI; 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, Italian, 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 (Marić et al.,
2025). OpenAI models were used through the
chat completion endpoint via the OpenAI API,
whereas other closed-source models were ac-
cessed through the OpenRouter platform4 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.

4https://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
(EN)

Rank
(South
Slavic)

GPT-5 2.29 1.33 2.55
GPT-4o 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
DeepSeek-R1-
Distill 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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(a) Sentiment classification. (b) Automatic genre identification.

(c) News topic classification. (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-4o
and GPT-5 from OpenAI, along with Gemini 2.5
Flash. Although GPT-5 is newer and reportedly
more powerful, it does not outperform GPT-4o 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 APIs 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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(a) Sentiment classification. (b) Automatic genre identification.

(c) News topic classification. (d) Parliamentary topic classification.

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).

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

Model Difference
(sentiment)

Difference
(topic)

GPT-5 0.02 0.05
GPT-4o 0.04 0.08
Gemini 2.5
Flash

0.04 0.08

Gemma 3 0.05 0.07
LLaMA 3.3 0.05 0.07
Mistral
Medium
3.1

0.07 0.09

Qwen 3 0.07 0.10
GPT-3.5-
Turbo

0.07 0.03

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-
4o (OpenAI, 2024), GPT-5 (OpenAI, 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
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the LLM teacher-student paradigm (Kuzman and
Ljubešić, 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.5 Ad-
ditionally, we have developed an interactive dash-
board6 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

5https://github.com/TajaKuzman/
Benchmarking-Text-Classification-on-South-Slavic

6See the CLASSLA LLM Evaluation Dashboard for
South Slavic Languages at https://www.clarin.
si/classla-llm-dashboard/.

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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Pavel Rychlỳ, and Vít Suchomel. 2013. The Ten-
Ten corpus family. In 7th international corpus
linguistics conference CL, pages 125–127. Lan-
caster University.

Jacob Devlin Ming-Wei Chang Kenton and
Lee Kristina Toutanova. 2019. BERT: Pre-training
of Deep Bidirectional Transformers for Language
Understanding. Proceedings of NAACL-HLT,
pages 4171–4186.

Arina Kostina, Marios D Dikaiakos, Dimosthenis
Stefanidis, and George Pallis. 2025. Large
language models for text classification: Case
study and comprehensive review. arXiv preprint
arXiv:2501.08457.

Klaus Krippendorff. 2018. Content analysis: An
introduction to its methodology. Sage Publica-
tions.

Taja Kuzman and Nikola Ljubešić. 2023. Automatic
genre identification: a survey. Language Re-
sources and Evaluation, pages 1–34.

Taja Kuzman and Nikola Ljubešić. 2025. LLM
Teacher-Student Framework for Text Classifica-
tion With No Manually Annotated Data: A Case
Study in IPTC News Topic Classification. IEEE
Access, 13:35621–35633.

Taja Kuzman, Igor Mozetič, and Nikola Ljubešić.
2023. Automatic Genre Identification for Robust
Enrichment of Massive Text Collections: Inves-
tigation of Classification Methods in the Era of
Large Language Models. Machine Learning and
Knowledge Extraction, 5(3):1149–1175.

158 Chapter 4. State of the Art for Automatic Genre Identification



Taja Kuzman, Peter Rupnik, and Nikola Ljubešić.
2022. The GINCO Training Dataset for Web
Genre Identification of Documents Out in the
Wild. In Language Resources and Evalua-
tion Conference, pages 1584–1594, Marseille,
France. European Language Resources Associ-
ation.

Taja Kuzman Pungeršek, Peter Rupnik, Daniela
Širinić, and Nikola Ljubešić. 2026. Supercharg-
ing Agenda Setting Research: The ParlaCAP
Dataset of 28 European Parliaments and a Scal-
able Multilingual LLM-Based Classification. arXiv
preprint arXiv:2602.16516.

Nikola Ljubešić, Nada Galant, Sonja Benčina, Jaka
Čibej, Stefan Milosavljević, Peter Rupnik, and
Taja Kuzman. 2024a. DIALECT-COPA: Ex-
tending the Standard Translations of the COPA
Causal Commonsense Reasoning Dataset to
South Slavic Dialects. In Proceedings of the
Eleventh Workshop on NLP for Similar Lan-
guages, Varieties, and Dialects (VarDial 2024),
pages 89–98.

Nikola Ljubešić, Taja Kuzman, Peter Rupnik, Ivan
Vulić, Fabian Schmidt, and Goran Glavaš. 2024b.
JSI and WüNLP at the DIALECT-COPA Shared
Task: In-Context Learning From Just a Few Di-
alectal Examples Gets You Quite Far. In Pro-
ceedings of the Eleventh Workshop on NLP for
Similar Languages, Varieties, and Dialects (Var-
Dial 2024), pages 209–219.

Nikola Marić, Boshko Koloski, Damjan Demšar,
Jan Jona Javoršek, and Sašo Džeroski. 2025.
Running large language models locally: design
and operational insights with llm.ijs.si. Interna-
tional conference AI for science 2025: Ljubljana,
Slovenia, 22.09.2025-26.09.2025, page 77.

Yu Meng, Jiaxin Huang, Yu Zhang, and Jiawei
Han. 2022. Generating training data with lan-
guage models: Towards zero-shot language un-
derstanding. Advances in Neural Information
Processing Systems, 35:462–477.

Meta. 2024. Llama 3.3 Model Card. https:
//github.com/meta-llama/llama-models/blob/
main/models/llama3_3/MODEL_CARD.md.
Accessed: June 26, 2025.

Shervin Minaee, Nal Kalchbrenner, Erik Cambria,
Narjes Nikzad, Meysam Chenaghlu, and Jian-
feng Gao. 2020. Deep Learning Based Text
Classification: A Comprehensive Review. arXiv
preprint arXiv:2004.03705.

Mistral AI. 2025. Medium is the new large. https:
//mistral.ai/news/mistral-medium-3. Accessed:
October 10, 2025.

Michal Mochtak, Peter Rupnik, Taja Kuzman, and
Nikola Ljubešić. 2025. Parlasent: mapping
sentiment in political discourse with large lan-
guage models. Political Research Exchange,
7(1):2508377.

Michal Mochtak, Peter Rupnik, and Nikola Ljubešić.
2024. The ParlaSent Multilingual Training
Dataset for Sentiment Identification in Parliamen-
tary Proceedings. In Proceedings of the 2024
Joint International Conference on Computational
Linguistics, Language Resources and Evaluation
(LREC-COLING 2024), pages 16024–16036.

OpenAI. 2023. ChatGPT General FAQ.
https://help.openai.com/en/articles/
6783457-chatgpt-general-faq. Accessed:
June 26, 2025.

OpenAI. 2024. Hello GPT-4o. https://openai.com/
index/hello-gpt-4o/. Accessed September 11,
2024.

OpenAI. 2025. Introducing GPT-5. https://openai.
com/index/introducing-gpt-5/. Accessed: Octo-
ber 10, 2025.

Wanda J Orlikowski and JoAnne Yates. 1994.
Genre repertoire: The structuring of communica-
tive practices in organizations. Administrative
science quarterly, pages 541–574.

Alina Petukhova and Nuno Fachada. 2023. MN-
DS: A multilabeled news dataset for news articles
hierarchical classification. Data, 8(5):74.

Qwen Team. 2024a. Qwen2 technical report. arXiv
preprint arXiv:2407.10671.

Qwen Team. 2024b. Qwen2.5: A party of founda-
tion models. Accessed: June 26, 2025.

Xiaofei Sun, Xiaoya Li, Jiwei Li, Fei Wu, Shangwei
Guo, Tianwei Zhang, and Guoyin Wang. 2023.
Text Classification via Large Language Models.
In Findings of the Association for Computational
Linguistics: EMNLP 2023, pages 8990–9005.

Ashish Vaswani, Noam Shazeer, Niki Parmar,
Jakob Uszkoreit, Llion Jones, Aidan N Gomez,
Łukasz Kaiser, and Illia Polosukhin. 2017. Atten-
tion is all you need. Advances in neural informa-
tion processing systems, 30.

An Yang, Anfeng Li, Baosong Yang, Beichen
Zhang, Binyuan Hui, Bo Zheng, Bowen Yu,
Chang Gao, Chengen Huang, Chenxu Lv, et al.
2025. Qwen3 technical report. arXiv preprint
arXiv:2505.09388.

Bowen Zhang, Daijun Ding, Liwen Jing, Genan Dai,
and Nan Yin. 2022. How would Stance Detection
Techniques Evolve after the Launch of ChatGPT?
arXiv preprint arXiv:2212.14548.

4.7. Related Paper: State of the Art in Text Classification for South Slavic Languages:
Fine-Tuning or Prompting? 159



Yazhou Zhang, Mengyao Wang, Qiuchi Li, Prayag
Tiwari, and Jing Qin. 2025. Pushing the limit of
LLM capacity for text classification. In Compan-
ion Proceedings of the ACM on Web Conference
2025, pages 1524–1528.

Hang Zhao, Qile P Chen, Yijing Barry Zhang,
and Gang Yang. 2024. Advancing Single
and Multi-task Text Classification through Large
Language Model Fine-tuning. arXiv preprint
arXiv:2412.08587.

10. Language Resource References

Erjavec, Tomaž and Kopp, Matyáš and Ogrod-
niczuk, Maciej and Osenova, Petya and others.
2024. Multilingual comparable corpora of par-
liamentary debates ParlaMint 4.1. Slovenian
language resource repository CLARIN.SI. PID
http://hdl.handle.net/11356/1912.

Kuzman, Taja and Ljubešić, Nikola. 2023.
Multilingual text genre classification
model X-GENRE. Hugging Face. PID
https://doi.org/10.57967/hf/0927.

Kuzman, Taja and Ljubešić, Nikola. 2024a. English-
Slovenian text genre dataset X-GENRE. Slove-
nian language resource repository CLARIN.SI.
PID http://hdl.handle.net/11356/1960.

Kuzman, Taja and Ljubešić, Nikola. 2024b. Genre-
enriched web corpora MaCoCu-Genre. Slove-
nian Language Resource Repository CLARIN.SI.
PID http://hdl.handle.net/11356/1969.

Kuzman, Taja and Ljubešić, Nikola. 2024c.
Multilingual IPTC Media Topic dataset
EMMediaTopic 1.0. Slovenian Language
Resource Repository CLARIN.SI. PID
http://hdl.handle.net/11356/1991.

Kuzman, Taja and Ljubešić, Nikola. 2024d.
Multilingual text genre classification
model X-GENRE. Slovenian language
resource repository CLARIN.SI. PID
http://hdl.handle.net/11356/1961.

Kuzman, Taja and Ljubešić, Nikola. 2025. Multilin-
gual IPTC News Topic Classifier. Hugging Face.
PID https://doi.org/10.57967/hf/4709.

Kuzman Pungeršek, Taja and Ljubešić, Nikola.
2025. Multilingual ParlaCAP model for CAP Topic
Classification in Parliamentary Speeches. Hug-
ging Face. PID https://doi.org/10.57967/hf/6684.

Kuzman Pungeršek, Taja and Ljubešić, Nikola.
2026. Multilingual training dataset for CAP pol-
icy topic classification ParlaCAP-train. Slovenian
language resource repository CLARIN.SI. PID
http://hdl.handle.net/11356/2093.

Ljubešić, Nikola and Rupnik, Peter and van No-
ord, Rik. 2023. Multilingual parliamentary
model XLM-R-parla. Hugging Face. PID
https://doi.org/10.57967/hf/6717.

Mochtak, Michal and Rupnik, Peter and Meden,
Katja and Ljubešić, Nikola. 2023. The
multilingual sentiment dataset of parliamen-
tary debates ParlaSent 1.0. Slovenian lan-
guage resource repository CLARIN.SI. PID
http://hdl.handle.net/11356/1868.

Rupnik, Peter and Ljubešić, Nikola and Mochtak,
Michal. 2023. Multilingual parliament sentiment
regression model XLM-R-ParlaSent. Hugging
Face. PID https://doi.org/10.57967/hf/6718.

160 Chapter 4. State of the Art for Automatic Genre Identification



A. Appendix

A.1. Benchmarking Datasets
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.

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).7 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.8 The test instances were
sampled from the enTenTen20 English web cor-
pus (Jakubíček et al., 2013) and the MaCoCu
multilingual web corpus collection (Bañón 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
et al., 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

7Available 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

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
Ljubešić, 2025) comprise Croatian and Slovenian
news articles extracted from the MaCoCu-Genre
web corpus collection (Kuzman and Ljubešić,
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 Pungeršek
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
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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 classifier9 (Kuzman and
Ljubešić, 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-
MediaTopic10 dataset (Kuzman and Ljubešić,
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
Ljubešić, 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 (Ljubešić
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-

9The IPTC News Topic classifier is available in
the Hugging Face repository at https://huggingface.co/
classla/multilingual-IPTC-news-topic-classifier.

10The EMMediaTopic training dataset is available in
the CLARIN.SI repository at http://hdl.handle.net/11356/
1991.

R-ParlaSent model,11 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 dataset12 comprises 13,000 instances
sampled from parliamentary proceedings and
manually annotated with sentiment labels.

• ParlaCAP classifier13 (Kuzman Pungeršek
and Ljubešić, 2025; Kuzman Pungeršek 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 (Ljubešić
et al., 2023; Mochtak et al., 2024). The XLM-
R-parla model was then fine-tuned on the
ParlaCAP-train dataset14 (Kuzman Pungeršek
and Ljubešić, 2026; Kuzman Pungeršek 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-4o (OpenAI, 2024) model
used in a zero-shot prompting setup, follow-
ing the LLM teacher-student framework (Kuz-
man and Ljubešić, 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 Ljubešić, 2024d) is a multilin-
gual fine-tuned BERT-like model for automatic
genre identification.15 The model is based on

11The XLM-R-ParlaSent model is accessible in the
Hugging Face repository at https://huggingface.co/
classla/xlm-r-parlasent.

12The ParlaSent training and test datasets are freely
available in the CLARIN.SI repository at http://hdl.handle.
net/11356/1868.

13The ParlaCAP topic classifier is available in the Hug-
ging Face repository at https://huggingface.co/classla/
ParlaCAP-Topic-Classifier.

14The ParlaCAP-train training dataset is available in
the CLARIN.SI repository at http://hdl.handle.net/11356/
2093.

15The 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 Ljubešić, 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:

• OpenAI models, namely the GPT-3.5-Turbo
(gpt-3.5-turbo-0125) (OpenAI, 2023),
GPT-4o (gpt-4o-2024-08-06) (OpenAI,
2024) and the GPT-5 (gpt-5-2025-08-
07) (OpenAI, 2025). These closed-source
instruction-tuned LLMs were developed by
OpenAI. OpenAI 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 AI, 2025) is a closed-
source multimodal instruction-tuned model by
Mistral AI. Available details on the model archi-
tecture and language coverage are very lim-
ited.

• LLaMA 3.3 model16 (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.

16https://ollama.com/library/llama3.3

English, German, French, Italian, Portuguese,
Hindi, Spanish, and Thai.

• Gemma 3 model17 (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-Distill18 (Guo et al., 2025) is
an open-weight reasoning LLM, developed by
DeepSeek AI. 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 319 (Qwen3-2504) (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 (Marić et al.,
2025). We use the quantized versions of the mod-
els as they are available through the Ollama li-
brary.20 OpenAI models are used through the
chat completion endpoint via the OpenAI API,
whereas other closed-source models were ac-
cessed through the OpenRouter platform21 that
provides 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. 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

17https://ollama.com/library/gemma3
18https://ollama.com/library/deepseek-r1:14b
19https://ollama.com/library/qwen3
20https://ollama.com/library
21https://openrouter.ai/
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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.22

22https://github.com/TajaKuzman/
Benchmarking-Text-Classification-on-South-Slavic
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(a) Sentiment classification. (b) Automatic genre identification.

(c) News topic classification. (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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4.8 Final Remarks

In this chapter, we further confirmed that the X-GENRE dataset, presented in Section
3.2.2, is well-suited for training and evaluating genre classifiers. To determine which ma-
chine learning approaches provide the most robust generalization across datasets and lan-
guages, we experimented with a range of text classification methods, from traditional
non-neural machine learning models to cutting-edge approaches based on large language
models. To support this evaluation, we introduced two newly developed multilingual test
datasets that enable model assessment in cross-lingual and cross-dataset scenarios.

The creation of new test datasets in English (EN-GINCO) and ten additional European
languages (X-GINCO), presented in Section 4.1.1, fulfills the second part of Goal G3, which
aimed to develop separate test datasets for a range of European languages. The resulting
datasets cover eleven languages from three major language families – Indo-European, Tur-
kic, and Afro-Asiatic – and include different writing systems, enabling robust evaluation of
genre classifiers across both languages and scripts. Building on these datasets, we establish
a publicly available benchmark, the AGILE Benchmark (Automatic Genre Identification
Benchmark) on GitHub,3 fulfilling Goal G4 : “Establish a benchmark for cross-dataset and
cross-lingual assessment of machine learning approaches in automatic genre identification,
based on newly developed test datasets in English, Slovenian, and various other European
languages.”

By evaluating model performance in both the in-dataset scenario (Section 4.2) and the
cross-dataset scenario (Section 4.3), we show that the XLM-RoBERTa model, fine-tuned
on the X-GENRE training dataset, sets the state of the art for this task. On the English-
Slovenian X-GENRE test dataset, it meets the threshold for reliable performance set at
0.80 for micro-F1 and macro-F1 scores. Notably, it is the only model to achieve minimally
acceptable performance (micro-F1 and macro-F1 scores above 0.70) on the Slovenian por-
tion of the test set, with a macro-F1 score of 0.76. All other evaluated models fall short
by 30 or more points on the Slovenian language. These results provide empirical support
for Hypothesis H2 “Fine-tuned deep neural Transformer-based language models outperform
other machine learning methods in the task of automatic genre identification in the Slove-
nian language.”

In the cross-dataset scenario on the English EN-GINCO dataset (Section 4.3), the
performance of the XLM-RoBERTa model fine-tuned on the X-GENRE dataset declines.
However, it remains the only evaluated model that approaches the threshold for minimally
acceptable performance, achieving a micro-F1 score of 0.68 and a macro-F1 score of 0.69.
This drop in performance can also be attributed to the more challenging nature of the
EN-GINCO test set, as later discussed in Section 4.5.

We then further extend the evaluation to the multilingual X-GINCO datasets and
show that the model achieves reliable performance on nine out of ten languages. Exclud-
ing Maltese, it reaches macro-F1 scores ranging from 0.80 to 0.95, which is consistent with
Hypothesis H3 : “A reliable zero-shot cross-lingual performance in automatic genre iden-
tification across numerous European languages is possible by leveraging the cross-lingual
capabilities of massively multilingual pre-trained Transformer models.” The highest macro-
F1 scores are observed for Ukrainian, Slovenian, and Macedonian, each exceeding 0.90.
The lower performance on Maltese is likely due to the absence of this language from
the XLM-RoBERTa pretraining corpus, a limitation previously noted in other NLP tasks
(Chau et al., 2020; de Vries et al., 2022; Ebrahimi & Kann, 2021; Muller et al., 2021). In
contrast, the model performs remarkably well on test sets using non-Latin scripts and on
languages that are not closely related to the fine-tuning languages. These results suggest

3https://github.com/TajaKuzman/AGILE-Automatic-Genre-Identification-Benchmark

https://github.com/TajaKuzman/AGILE-Automatic-Genre-Identification-Benchmark
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that the classifier is well-suited for genre annotation tasks across all languages included in
the XLM-RoBERTa pretraining data.

These results confirm the ability of the fine-tuned XLM-RoBERTa model to generalize
across both datasets and languages, which we regard as robustness. Motivated by these
positive results, we release the model publicly under the name X-GENRE classifier on
the CLARIN.SI repository4 and the Hugging Face repository5. With this, we fulfill Goal
G5 : “Develop a robust multilingual genre classifier capable of generalizing across datasets
and European languages by exploring various machine learning approaches, including deep
neural language models.”

Additionally, we experiment with a recent approach to text classification: using
decoder-only instruction-tuned Transformer-based large language models (LLMs) guided
by instructions in the form of prompts. This approach represents a form of zero-shot
classification, as these models were not specifically trained on a genre dataset. The
results in Section 4.5 show that both open-source and closed-source LLMs achieve strong
zero-shot performance across all languages except Maltese. Most models exceed the
estimated minimum threshold for acceptable performance, defined as a macro-F1 score of
approximately 0.70. The top-performing LLMs achieve average macro-F1 scores above
0.76, with peak scores reaching up to 0.87 and surpassing the high reliability threshold of
0.80, set in Section 1.3. This level of performance is particularly impressive given that the
models were not fine-tuned on the task but were only provided with a brief task description
and label definitions. These findings highlight the potential of zero-shot prompting as
a method for automatic genre identification. Despite this, the XLM-RoBERTa model
fine-tuned on the X-GENRE training dataset continues to outperform LLMs in most
languages. We argue that fine-tuned BERT-like models remain the more suitable choice
for automatic genre identification, especially in large-scale annotation scenarios, as they
offer higher output reliability, faster inference speed, and lower computational cost.

Finally, the results in Section 4.5 reveal clear differences in performance across large
language models. For example, the gap between the GPT-3.5-Turbo model (2023) and the
GPT-5 model (2025) highlights the rapid pace of progress in LLM development. The results
also show that LLM performance varies significantly across languages, with open-source
models outperforming closed-source ones in some cases. These findings demonstrate that
the AGILE benchmark is valuable not only for assessing the state of the art in automatic
genre identification, but also as a broader resource for evaluating and comparing large
language models across languages. Consequently, we also integrate the EN-GINCO and X-
GINCO test datasets into a broader benchmark that includes a range of text classification
and commonsense reasoning tasks for South Slavic languages (Kuzman Pungeršek, Rupnik,
Porupski, et al., 2026).6 Based on this benchmark, we develop and publish an interactive
dashboard “CLASSLA LLM Evaluation Dashboard for South Slavic Languages”,7 that
enables interactive exploration and analysis of LLM evaluation results across languages
and tasks.

4http://hdl.handle.net/11356/1961
5https://doi.org/10.57967/hf/0927
6https://github.com/TajaKuzman/Benchmarking-Text-Classification-on-South-Slavic/
7https://www.clarin.si/classla-llm-dashboard/

http://hdl.handle.net/11356/1961
https://doi.org/10.57967/hf/0927
https://github.com/TajaKuzman/Benchmarking-Text-Classification-on-South-Slavic/
https://www.clarin.si/classla-llm-dashboard/
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Chapter 5

Development of a Genre Classifier
Without Manually-Annotated Data

As shown in Chapter 4, recent large language models can achieve reliable performance on
automatic genre identification using only a task description and genre label definitions.
However, as discussed in Section 4.5, this approach is not practical for large-scale appli-
cations, such as annotating web corpora with millions of texts. In such cases, fine-tuned
BERT-like models are more suitable, offering greater control over inputs, faster inference,
and lower computational costs. Although closed-source LLMs deliver the best performance,
they have notable drawbacks: high usage costs, lack of transparency regarding their archi-
tecture and training data, and limited reproducibility due to API-based access. In contrast,
fine-tuned BERT-like models offer more flexibility and transparency. Nevertheless, a key
limitation of traditional text classification methods, which include fine-tuned BERT-like
models, is their reliance on high-quality task-specific training data. Creating such training
datasets is challenging, time-consuming, and requires substantial human effort, as detailed
in Chapter 3.

In this chapter, we propose a method that combines the strengths of traditional text
classification and the recently introduced approach of zero-shot LLM prompting to mitigate
the limitations of both approaches. Specifically, we introduce a text classification frame-
work that provides an alternative to extensive and time-consuming manual annotation of
training data. The proposed methodology, called the LLM Teacher-Student Framework,
uses a large language model as a data annotator – the teacher model – to automati-
cally annotate training datasets with accuracy comparable to human-level annotation. A
BERT-like model – the student – is then fine-tuned on this automatically-annotated data
to produce a classifier that is more computationally efficient and scalable, while achieving
performance comparable to its teacher. This chapter is based on the paper “LLM Teacher-
Student Framework for Text Classification With No Manually Annotated Data: A Case
Study in IPTC News Topic Classification” by Kuzman and Ljubešić (2025), enclosed in
Section 5.3.

As shown in the aforementioned paper by Kuzman and Ljubešić (2025), the LLM
Teacher-Student Framework enables the development of a classifier that provides high-
quality annotations at minimal cost for news topic classification. The topic classification
task is focused on assigning thematic labels to texts based on their content. In this respect,
it is similar to automatic genre identification, since both tasks involve classifying texts
into predefined categories. However, there are important differences between the two.
Topic classification mainly depends on surface-level lexical information, whereas genre
classification cannot rely only on keywords, but instead requires the identification of higher-
level patterns, such as stylistic, structural, and syntactic features.
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The framework employs an instruction-tuned decoder-only large language model (LLM)
as the teacher model to develop a news topic training dataset through automatic anno-
tation of 20,000 news articles in various languages. The reliability of the LLM as a data
annotator is confirmed based on a comparison of its performance with two human anno-
tators. The findings show that the inter-annotator agreement between each of the human
annotators and the large language model is on par with the agreement between the two
human annotators. The pair-wise inter-annotator agreement between the three of them
ranges between 0.69 and 0.75 in Krippendorff’s alpha (Krippendorff, 2018), which sur-
passes the threshold for acceptable agreement. Then, smaller BERT-like student models
are fine-tuned on the LLM-annotated dataset. When evaluated on manually-annotated
test sets, the student models achieve performance that is comparable to the teacher model,
confirming that the LLM-annotated data is of sufficient quality to enable the development
of fine-tuned BERT-like models that provide high performance.

In the remainder of this chapter, we apply the LLM Teacher-Student Framework
methodology to the development of fine-tuned genre classifiers to demonstrate its potential
for automatic genre identification. To transfer this methodology to a different task, two
conditions must be met: (1) the LLM must achieve high classification performance in a
zero-shot prompting scenario where it is provided only with a task description and label
definitions, and (2) its agreement with human annotators must be comparable to the inter-
annotator agreement between the human annotators, supporting its reliability as a data
annotator. The first condition has already been met, as shown in Section 4.5, where the
top-performing LLMs exceed the thresholds for minimally acceptable performance of 0.70
in macro-F1 on genre test datasets, and in some cases even achieve reliable performance
beyond 0.80 in macro-F1. The second condition is evaluated in Section 5.1. Finally, to
assess whether the methodology can produce reliable genre classifiers, we use an LLM to
annotate the X-GENRE training dataset and compare the performance of a BERT-like
model fine-tuned on the LLM-annotated data with the same model fine-tuned on the same
text instances, but annotated by expert human annotators (see Section 5.2).

5.1 LLM Performance as a Data Annotator

To assess whether an LLM can substitute human annotators for automatic genre identifica-
tion, we apply it to two datasets that were manually annotated by two expert annotators.
We then compare inter-annotator agreement between the human annotators and between
each annotator and the LLM. Specifically, we use the GPT-5 decoder-only instruction-
tuned large language model (OpenAI, 2025) – the best-performing LLM from Section 4.5 –
on the English EN-GINCO test set (see Section 4.1.1) and the evaluation and test splits of
the Slovenian GINCO dataset (presented in Section 3.1.3). Both datasets were annotated
by the same highly trained experts (see Section 3.1.2). Consistent with the experiments in
Chapter 4, we map the GINCO labels to the X-GENRE schema used for fine-tuning the
student model in the next step. The GPT-5 model is prompted using the same setup as
in Section 4.5; specifically, it is instructed to assign an X-GENRE label to each text based
on the provided task description and label definitions.

Table 5.1 presents the inter-annotator agreement between two human annotators and
between each human annotator and the LLM on the GINCO and EN-GINCO datasets,
using the X-GENRE schema. The agreement between the highly trained human annotators
is higher, with nominal Krippendorff’s alpha scores of 0.77 and 0.78. The performance
of the LLM annotator lags slightly behind. However, it is important to note that the
human annotators underwent extensive training and participated in numerous discussions
throughout the annotation campaign to achieve this level of consistency. According to
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Table 5.1: Inter-annotator agreement in terms of Krippendorff’s nominal alpha between
the human annotators (Ann1 and Ann2) and the LLM annotator on the Slovenian GINCO
and English EN-GINCO genre datasets.

Pair GINCO EN-GINCO
Ann1 and Ann2 0.78 0.77
Ann1 and LLM 0.71 0.73
Ann2 and LLM 0.71 0.71

Krippendorff (2018), a nominal Krippendorff’s alpha of 0.67 is considered the minimum
threshold for acceptable inter-annotator agreement. The LLM annotator surpasses this
threshold in both datasets, achieving notably high agreement with the human annotators,
ranging from 0.71 to 0.73 in terms of Krippendorff’s alpha. Moreover, the agreement
scores between the LLM annotator and human annotators are significantly higher than
human inter-annotator agreement reported in related genre annotation efforts (Egbert et
al., 2015; Sharoff, 2018) (see Section 2.2). Based on these results, we conclude that the
LLM is a viable data annotator, meeting the second requirement for applying the LLM
Teacher-Student Framework to a new task.

5.2 Comparison of Models Fine-Tuned on Human-Annotated
versus LLM-Annotated Training Data

To evaluate whether the proposed LLM Teacher-Student Framework can produce robust
genre classifiers, we use the GPT-5 model (OpenAI, 2025) – the teacher model – to annotate
the text instances in the X-GENRE training dataset with genre labels using a zero-shot
prompting approach. Annotating approximately 1,800 instances using the OpenAI API
batch option took only 20 minutes and cost $4, clearly demonstrating the speed and cost-
efficiency of LLM-based annotation compared to manual human annotation.

We then fine-tune a base-sized XLM-RoBERTa model (Conneau et al., 2020) – the stu-
dent model – on the LLM-annotated data. This setup follows the methodology described
in the paper by Kuzman and Ljubešić (2025) enclosed in Section 5.3. The resulting student
model is evaluated against the X-GENRE classifier (introduced in Section 3.2.2 and evalu-
ated in Chapter 4) that was fine-tuned using the same base-sized XLM-RoBERTa model,
hyperparameters, and training dataset. The only difference between the two models is that
the first was fine-tuned on labels provided by an LLM, while the latter was fine-tuned on
labels produced by humans in manual annotation campaigns.

Table 5.2 compares the performance of the student model – an XLM-RoBERTa model
fine-tuned on the LLM-annotated X-GENRE training dataset – with its teacher model
(GPT-5), used in a zero-shot prompting setup. It also compares the student model with
the same base model fine-tuned on human-annotated versions of the same instances, which
we refer to as the X-GENRE classifier. The results, measured in macro-F1 scores, show
that the student model matches the performance of the teacher model on most test datasets
and even exceeds it by 5 or more points on four of them. The student model surpasses the
0.70 macro-F1 threshold for acceptable performance on all datasets except for Maltese and
the X-GENRE test set. Moreover, it exceeds the 0.80 threshold for reliable performance
on half of the test datasets. These findings support two conclusions. First, the strong
performance of the student model demonstrates that the LLM Teacher-Student Framework
is a viable method for developing reliable genre classifiers. Second, the results show that
the approach leverages the strengths of both LLMs and BERT-like models: LLMs can
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Table 5.2: Performance in terms of macro-F1 scores of the GPT-5 (teacher model),
the XLM-RoBERTa model fine-tuned on the LLM-annotated X-GENRE training dataset
(student model), and the XLM-RoBERTa model fine-tuned on the human-annotated X-
GENRE training dataset. Models are evaluated on the test split of the X-GENRE dataset,
the English EN-GINCO test dataset, and the multilingual X-GINCO test dataset. In-
stances where the student model matches or exceeds the performance of the teacher model
are indicated with bold text.

Test Datasets GPT-5 XLM-R & LLM
Annotations

XLM-R & Human
Annotations

EN-GINCO 0.72 0.72 0.69
X-GENRE (test) 0.68 0.67 0.79
X-GINCO: Albanian 0.75 0.83 0.85
X-GINCO: Catalan 0.77 0.80 0.84
X-GINCO: Croatian 0.72 0.76 0.88
X-GINCO: Greek 0.79 0.76 0.84
X-GINCO: Icelandic 0.87 0.77 0.80
X-GINCO: Macedonian 0.72 0.80 0.92
X-GINCO: Maltese 0.54 0.26 0.49
X-GINCO: Slovenian 0.79 0.86 0.94
X-GINCO: Turkish 0.85 0.85 0.90
X-GINCO: Ukrainian 0.83 0.88 0.95

provide high-quality annotations via zero-shot prompting, while BERT-like models benefit
from domain adaptation through fine-tuning on specific instances, which exposes them to
the particular characteristics of the training texts. This domain-specific fine-tuning allows
the student model to even outperform its teacher in some cases.

The performance of the teacher and student models on the Maltese test dataset in
Table 5.2 and the label-level performance analysis in Figure 5.1 on the X-GENRE test
dataset highlight an important limitation of the Teacher-Student approach. Specifically,
the performance of the teacher model on individual labels or languages sets an approximate
upper bound on what the student model can achieve for those labels or languages. If the
teacher model fails to recognize a label accurately or does not perform well on a specific
language in general, this weakness is likely to be transferred to the student model through
fine-tuning on its annotations. This limitation is particularly evident for the label Other
in Figure 5.1. Since this category includes all instances that do not align well with specific
labels, it is vague by default. Human annotators rely on their judgment to assign texts to
Other, but the prompt provided to the teacher model only loosely defines it as a category
for texts that do not belong elsewhere. As a result, the LLM tends to avoid using this
label and instead prefers assigning more concrete categories. Figure 5.1a shows that the
teacher model did not assign any instance to this category in the X-GENRE test dataset.
This omission is then carried over to the student model, which fails to recognize or predict
this label, as shown in Figure 5.1b.

The low performance on the Other category also helps explain why the student model
performs worse on the EN-GINCO and X-GENRE test datasets compared to the X-GINCO
dataset, which does not include this label. When we exclude instances labeled as Other
from the EN-GINCO and X-GENRE test datasets, both the teacher and student models
show significantly improved performance, as demonstrated in Table 5.3. Without this
label, both models reach reliable performance, exceeding 0.80 in macro-F1 and micro-F1
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(a) Teacher model performance. (b) Student model performance.

Figure 5.1: Label-level performance of the teacher GPT-5 model (Figure 5.1a) and the
student XLM-RoBERTa model (Figure 5.1b) on the X-GENRE test split. Confusion ma-
trices are normalized by true labels, showing for each actual class the percentage of samples
assigned to each predicted class.

on the EN-GINCO dataset, and even outperform the X-GENRE classifier. Similarly, their
performance on the X-GENRE test dataset improves by 10 points. The Other category is
less critical than other labels for the end use cases, as ambiguous cases could be also filtered
out of the annotated text collection using confidence scores derived from the outputs of the
fine-tuned XLM-RoBERTa model. The results in Table 5.3 thus even further confirm the
applicability of the LLM Teacher-Student approach and highlight the strong performance
of the teacher and student models.

Table 5.3: Performance in terms of micro-F1 and macro-F1 scores of the teacher model,
the student model and the X-GENRE model, evaluated on the X-GENRE and EN-GINCO
test datasets from which the label Other had been removed.

Dataset Model Macro-F1 Micro-F1

EN-GINCO
GPT-5 0.84 0.84

XLM-R & LLM Annotations 0.84 0.81
XLM-R & Human Annotations 0.75 0.71

X-GENRE (test)
GPT-5 0.78 0.76

XLM-R & LLM Annotations 0.77 0.75
XLM-R & Human Annotations 0.82 0.81

To conclude, the results presented in this section demonstrate that replacing human
annotators with a large language model for training data annotation is a viable strategy for
developing robust and efficient genre classifiers. The XLM-RoBERTa model fine-tuned on
LLM-annotated data achieves strong performance across all test datasets except Maltese.
However, it is important to note that the student model rarely matches the performance
of the same base model fine-tuned on human-annotated data. This highlights the added
value of human annotation, which, despite being more time-consuming, labor-intensive,
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and costly, tends to produce higher-quality training data. If the disadvantages of the
manual annotation campaigns are not a major limitation for a specific use case, we thus
still recommend using human annotators. We do not argue that human annotation will
become obsolete. Especially for evaluation purposes, human-annotated test sets remain
essential for ensuring reliable results.

In scenarios where large-scale annotation of multilingual training data is required, hu-
man annotation may not be feasible due to resource constraints. In such cases, LLM-based
annotation – provided that the conditions put forward earlier in this chapter are met – offers
a highly effective alternative. For example, we could improve the multilingual genre clas-
sifier by extracting tens of thousands of instances from the MaCoCu web corpora (Bañón,
Esplà-Gomis, Forcada, García-Romero, et al., 2022) in ten languages and annotating them
with genre labels using an LLM. This would allow us to efficiently expand the X-GENRE
training dataset and potentially improve model performance across the ten languages in
the X-GINCO test dataset. Moreover, the LLM Teacher-Student Framework is particu-
larly useful for handling infrequent labels. In cases where a label appears too rarely in a
manually-annotated dataset, thousands of candidate examples can first be annotated auto-
matically using the LLM based on label definitions. Human annotators can then validate
these pre-annotated examples of the infrequent label, making it feasible to incorporate rare
categories into the training without the need for very large manually-annotated datasets.

Finally, the LLM Teacher-Student methodology is particularly valuable for languages
that lack manually-annotated training data suitable for the task. If the LLM used has
strong natural language understanding capabilities in the target language and has demon-
strated good performance on the task in other languages, it can be leveraged for the
development of high-quality training data. This can then improve the performance of the
fine-tuned BERT-like model on that language. This approach could be especially useful for
Maltese, where none of the models in our experiments achieved high performance in genre
classification. As LLMs continue to evolve and expand their capabilities, including better
coverage of low-resource languages, we expect that future models, especially those with
broader multilingual pretraining, will be better equipped to handle languages like Maltese.
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ABSTRACT With the ever-increasing number of news stories available online, classifying them by topic,
regardless of the language they are written in, has become crucial for enhancing readers’ access to relevant
content. To address this challenge, we propose a teacher-student framework based on large language models
(LLMs) for developing multilingual news topic classification models of reasonable size with no need for
manual data annotation. The framework employs a Generative Pretrained Transformer (GPT) model as
the teacher model to develop a news topic training dataset through automatic annotation of 20,000 news
articles in Slovenian, Croatian, Greek, and Catalan. Articles are classified into 17 main categories from the
Media Topic schema, developed by the International Press Telecommunications Council (IPTC). The teacher
model exhibits high zero-shot performance in all four languages. Its agreement with human annotators is
comparable to that between the human annotators themselves. To mitigate the computational limitations
associated with the requirement of processing millions of texts daily, smaller BERT-like student models are
fine-tuned on the GPT-annotated dataset. These student models achieve high performance comparable to
the teacher model. Furthermore, we explore the impact of the training data size on the performance of the
student models and investigate their monolingual, multilingual, and zero-shot cross-lingual capabilities. The
findings indicate that student models can achieve high performance with a relatively small number of training
instances, and demonstrate strong zero-shot cross-lingual abilities. Finally, we publish the best-performing
news topic classifier, enabling multilingual classification with the top-level categories of the IPTC Media
Topic schema.

INDEX TERMS Multilingual text classification, IPTC, large language models, LLMs, news topic, topic
classification, training data preparation, data annotation.

I. INTRODUCTION
Topic classification is a significant asset in the news
industry, enabling automatic identification of news topics
and facilitating readers’ access to content that aligns with
their interests. However, developing a robust news topic

The associate editor coordinating the review of this manuscript and

approving it for publication was Wai-Keung Fung .

classifier is challenging, particularly because of the absence
of manually annotated data, which are especially scarce
for non-English languages. Manual annotation, although
invaluable, is an expensive and labor-intensive process that
cannot be quickly extended to numerous languages.

Despite the emergence of zero-shot approaches that
employ Generative Pretrained Transformers (GPTs) that have
demonstrated impressive results in various natural language
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FIGURE 1. Pipeline for the preparation of training and test datasets for the classification of news topics.

processing tasks in diverse languages [1], [2], [3], their
application in settings with extensive data to be processed
remains impractical due to their high computational demands.
A more suitable technology for this setting is a smaller
BERT-like language model; however, such models require
thousands of annotated instances for effective fine-tuning for
a certain task.

In this paper, we introduce an approach to developing
annotated training data and multilingual BERT-like news
topic classifiers through a teacher-student framework based
on large language models (LLMs). Our methodology lever-
ages the power of GPTs that we use as teacher models to auto-
matically annotate news articles with top-level Media Topic
labels, introduced by the International Press Telecommuni-
cations Council (IPTC) [4]. This automatically annotated
dataset is then used to train a smaller XLM-RoBERTa-based
student model, addressing the computational demands of the
news media industry, where topic annotation needs to be
scaled to millions of data points.

In our experiments, we train and evaluate the models on
multilingual training and test datasets comprising four diverse
languages: Catalan, Croatian, Greek, and Slovenian. The
selection of these languages for evaluation is based on their
availability in the MaCoCu corpora collection [5] to ensure
a high level of comparability between language-specific
datasets. Furthermore, these languages exhibit varying
degrees of linguistic relatedness, with Croatian and Slovenian
being closely related, and the other two languages belonging
to separate branches of the Indo-European language family.
This distinction provides valuable insights for cross-lingual
experiments.

In this work, our aim is to address the following research
questions, pertaining to the task of IPTC news topic
classification:

(RQ1) Can the teacher LLM, used as a data annotator for
news topic classification, achieve annotation quality
comparable to that of human annotators?

(RQ2) How much data, annotated by the teacher model,
are required for the student model to achieve
performance comparable to the teacher model?

(RQ3) Is it necessary to include the target language in
the training data, or does the fine-tuned student
model exhibit satisfactory zero-shot cross-lingual
capabilities?

(RQ4) Does fine-tuning a student model on target-language
monolingual data yield better outcomes than training
on a multilingual dataset of equal size?

In summary, this study makes the following contributions.
We investigate the feasibility of the LLM teacher-student
framework for the development of accurate and compu-
tationally efficient multilingual news topic classifiers for
languages that do not have readily accessible manually
annotated training data suitable for the task. Specifically,
we focus on single-label multi-class text classification
employing top-level categories of the IPTC NewsCodes
Media Topic schema. This study assesses the applicability of
a GPT model for data annotation by comparing the level of
agreement between the model and human annotators to the
level of agreement among the human annotators themselves.
Furthermore, we examine the classification performance of
the student model relative to its teacher model, while also
exploring the impact of training data size on the student
model’s performance, as well as its zero-shot cross-lingual
and multilingual capabilities. Motivated by these positive
results, we publish the best performing model in the Hugging
Face repository (https://huggingface.co/classla/multilingual-
IPTC-news-topic-classifier), providing an IPTC news topic
classification model that can be applied to any of the
100 languages covered by the XLM-RoBERTa model. To the
best of our knowledge, this is the first openly-available
multilingual topic classifier that uses the (top-level) IPTC
Media Topic categories.

The remainder of this paper is organized as follows.
Section II provides an overview of the existing literature
on IPTC news topic classification and the application of
GPT models to data annotation. In Section III, we introduce
our methodology for automatic annotation of training data
by leveraging the zero-shot capabilities of large language
models. In Section IV, we describe the manual annotation
campaign that was undertaken to develop a test set for
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evaluating the performance of both teacher and student
models, and we evaluate the performance of the GPT model
as a data annotator compared to human annotators. Section V
presents the experiments that involve fine-tuning BERT-
like models on varying sizes of training data, and the
analysis of their monolingual, multilingual, and zero-shot
cross-lingual performance. Section VI concludes the paper
with a discussion of the main findings and suggestions for
future research. Additionally, the Appendix provides more
details on the annotation guidelines and the description of
the top-level IPTC Media Topic labels (Section A), and the
prompt used for automatic data annotation (Section B).

II. RELATED WORK
The International Press Telecommunications Council (IPTC)
is a global organization dedicated to the development and
promotion of industry standards for the exchange of news
data. Among its notable contributions is the maintenance
of IPTC NewsCodes controlled vocabularies that are widely
adopted by major media providers, including Agence France-
Presse, Associated Press, and Reuters [6]. The NewsCodes
vocabularies include the Media Topic vocabulary, which has
been established as a global standard to ensure consistent
coding of news metadata across diverse news providers [7].
The Media Topic taxonomy is structured hierarchically,
with 17 topic labels at the top level. The entire taxonomy
encompasses more than 1,000 topic labels, organized across
up to five levels of granularity [8].

Multiple previous studies investigated news topic clas-
sification [9], [10], [11], [12], [13]. However, there is
no manually annotated reference dataset that can be used
directly for the training and evaluation of IPTC Media
Topic classifiers. The existing topic datasets have several
limitations:

1) Inconsistent Topic Schemata:Many datasets use their
own topic schemata [9], [12], [13], rendering the results
of their experiments highly dataset dependent and
consequently incomparable with other studies.

2) Lack of Manual Annotation: Many topic datasets
did not undergo manual annotation. Instead, topic
categories were derived from source media web-
sites [12], [13] or automatically annotated using topic
modeling [9] based on the word2vec algorithm [14].

3) Use of a Deprecated IPTC Schema: Some datasets
use the outdated IPTC Subject Codes schema (see, for
instance, [11] and [15]), which was replaced by the
IPTC Media Topic schema in 2010. Additionally, the
IPTC Media Topic schema itself is subject to frequent
updates, occurring every two to three months [16],
which poses additional challenges for the development
of a stable reference dataset and classifiers.

Recently, two news topic datasets have been introduced,
both annotated with the IPTC Media Topic schema: the MN-
DS dataset [17], comprising approximately 10,000 English
news articles, and the EventDNA dataset [18], containing

around 1,800 Dutch news articles. Despite their potential,
both datasets have faced criticism regarding the reliability
of manually annotated labels, as highlighted in related
studies that employed these datasets for machine learning
experiments [19], [20]. Beyond problems with reliability,
these datasets exhibit additional limitations. The MN-DS
dataset was derived from the NELA-GT-2018 dataset [21],
which was originally developed for misinformation research.
As a result, it includes sources known to disseminate fake
news, which may compromise the performance of models
trained on it when applied to mainstream news texts. The
EventDNA dataset, on the other hand, is limited by its
annotations being performed at the lowest levels of the IPTC
Media Topic taxonomy. Specific sublabels do not always
align well with top-level labels, which makes the dataset
less useful for automatic text classification on top-level
labels. Additionally, while EventDNA is freely accessible,
restrictions on third-party sharing do not allow experiments
with closed-source large language models.

Prior research has investigated a range of machine learning
models for the automatic classification of texts into IPTC
news topics. The experiments encompass both traditional
non-neural models, such as logistic regression, the Naive
Bayes classifier, and support vector machines [17], [20],
as well as deep learning techniques, particularly BERT-like
Transformer models [11], [17], [19]. Most of these studies
have demonstrated that Transformer-based models consis-
tently achieve state-of-the-art performance, indicating their
potential in the domain of news topic classification [17], [19].

Recently introduced Generative Pretrained Transformer
(GPT) models, commonly known as large language models
(LLMs), have demonstrated impressive performance across
a range of text classification tasks, even when used in a
zero-shot prompting fashion that does not require any training
data [1], [22], [23]. Furthermore, recent research in the field
of natural language processing (NLP) has embraced ‘‘LLMs
as catalysts for redefining the landscape of data annotation
in machine learning and NLP’’ [24]. Specifically, researchers
are exploring the potential of GPT-based annotation of train-
ing data to replace time-consuming manual annotation, with
the aim of using these annotations to fine-tune or improve
the performance of other GPT or BERT-like models [24],
[25], [26], [27]. Although LLMs have been employed to
generate and annotate instruction-tuning datasets [28], [29],
[30], their use for the annotation of text classification data
has been less explored. Meng et al. [31] contributed to this
area by employing a GPT model to generate both texts and
labels for training datasets through a zero-shot prompting
approach, and by fine-tuning a smaller language model on
the generated training dataset. In contrast to this approach,
our study refrains from generating synthetic data to mitigate
potential LLM biases. Instead, we use authentic news articles
sourced from the web and employ a GPT model exclusively
for classifying these texts into Media Topic labels. This
GPT-based data annotation approach was also shown to be
promising in the domain of sentiment analysis, where student
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models fine-tuned on datasets annotated by a GPT model
exhibited comparable performance to models fine-tuned on
datasets annotated by human annotators [27].

A recent investigation into the applicability of GPT
models for IPTC news topic classification was conducted
by Fatemi et al. [20] who evaluated a GPT model on the
MN-DS dataset [17]. The applicability of GPT models for
topic annotation was evaluated by training various machine
learning models on the GPT-annotated dataset and comparing
their performance against models trained on the same dataset,
but manually annotated. The findings indicate the promising
performance of the GPT model used as a data annotator.
However, it is important to note that the performance of the
model was not directly evaluated on amanually annotated test
set. Consequently, the accuracy of the GPT model in this task
remains undetermined.

Building on existing research, our study explores the
use of GPT-based data annotation to fine-tune a BERT-
like topic classifier. This research addresses multiple gaps
in the literature. First, we assess the performance of both
the teacher GPT model and fine-tuned student models on
reliably manually annotated data. Second, we compare the
annotation reliability of the GPT model with the reliability
of human annotators. Additionally, our research involves
machine learning experiments on multiple languages, which
offer valuable insights into the models’ multilingual and
cross-lingual performance.

III. LLM-BASED DATASET DEVELOPMENT
In this section, we present our methodology for the
automatic annotation of training data that is used for
fine-tuning a multilingual Transformer model which employs
top-level IPTC Media Topic labels. The proposed method-
ology leverages three resources that have recently become
available:

• MaCoCu Corpora [5]: The MaCoCu corpora collec-
tion comprises comparable web corpora in 10 less-
resourced European languages, including Slovenian,
Croatian, Catalan, Greek, Turkish, Icelandic, Ukrainian,
and others. Developed through web crawling, MaCoCu
corpora represent some of the largest text collections
available for these languages. They encompass high-
quality texts [32] from a wide range of sources and text
genres [33].

• X-GENRE Classifier [1]: This multilingual
Transformer-based genre classifier categorizes texts
in various languages into a set of genre labels, such
as News, Promotion, and Opinion/Argumentation. The
X-GENRE classifier allows us to efficiently extract
relevant news content from general web corpora, which
is crucial for the present task that is focused on news
articles.

• Multilingual GPT Models: The multilingual Gen-
erative Pretrained Transformer (GPT) models have
demonstrated impressive zero-shot classification

capabilities across numerous languages and tasks.
Inter alia, these models have shown high performance
on South Slavic languages, including Croatian and
Slovenian, which are included in our experiments [34].
Specifically, we employ the GPT-4o model (version
gpt-4o-2024-05-13) [35] provided by the OpenAI
API, which outperformed other open- and closed-source
GPT models in our preliminary experiments.

A. EXTRACTION OF NEWS TEXTS AND PRE-PROCESSING
The pipeline for developing training and test data for
news topic classification using the LLM teacher-student
framework is illustrated in Fig. 1. The datasets used in
this study are sourced from the Catalan (ca) [36], Croatian
(hr) [37], Greek (el) [38], and Slovenian (sl) [39] MaCoCu
web corpora that have been annotated with genres (genre-
annotated datasets are available as part of theMaCoCu-Genre
corpus collection [40]). Given the focus of IPTC topic
classification on news articles, we extract from the web
corpora the subset of news articles, identified with the
X-GENRE classifier [1]. The X-GENRE classifier provides
highly reliable classification into the News genre, as well as
eight other genre categories. Evaluation on a multilingual,
manually annotated test set, sampled from the MaCoCu
corpora, revealed F1 scores for the News label ranging from
0.82 in Catalan to 0.95 in Croatian [41]. Furthermore, the
dataset undergoes additional pre-processing, wherein the
texts are truncated to the initial 512 words, which is a
constraint imposed by the BERT-like models.

B. AUTOMATIC ANNOTATION
Automatic annotation involves using the GPT-4o model
to assign 17 top-level IPTC Media Topic labels to news
texts. We use labels from the Media Topic schema version
from October 24, 2023. The annotation is applied to two
separate samples, randomly extracted from the pre-processed
news text collection described in the previous section: a
first batch of 21,000 texts is annotated for the development
of training and development datasets, and a second batch
of 8,000 texts is annotated to create a test set. Both
batches comprise equal numbers of instances in the four
languages, namely Catalan (ca), Croatian (hr), Greek (el),
and Slovenian (sl). The GPT-4o model is used in a
zero-shot prompting manner. It is instructed to assign to
each text one of the 17 main IPTC Media Topic labels,
such as politics and society. The prompt (see Appendix B)
was constructed based on the results of the preliminary
experiments. It includes the task description and a list of
labels with their descriptions (provided in Appendix A). The
annotation of 29,000 texts cost approximately 230e and took
approximately six hours. This cost and time investment are
deemed minimal compared to the resources that would be
required for the manual annotation of a similar volume of
instances.
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FIGURE 2. Distribution of labels in the GPT-annotated EMMediaTopic dataset comprising training and development splits (in percentages).

C. TRAINING AND DEVELOPMENT DATASETS
To construct the training and development datasets,
the first annotated batch of 21,000 instances is split
into subsets of 20,000 and 1,000 texts, respectively,
while maintaining stratification based on the GPT-
assigned labels. The resulting dataset, which comprises
both splits, has been published under the name ‘‘the
EMMediaTopic dataset’’ in the CLARIN.SI repository
(http://hdl.handle.net/11356/1991) [42].

The distribution of labels within the EMMediaTopic
dataset is shown in Fig. 2. The dataset is shown to be
relatively balanced by labels, with the most prevalent label
(sport) accounting for approximately 15% of the instances.
Moreover, the distribution of labels is consistent across the
four languages. The least represented labels are weather,
accounting for less than 1% of instances, and religion and
labour, each assigned to less than 2% of the texts.

D. TEST DATASET
The test dataset is derived from the second batch of 8,000
automatically annotated texts, comprising texts in the same
four languages as the training data, namely Slovenian, Croa-
tian, Catalan, and Greek. To assess the models’ performance
across all 17 top IPTC Media Topic labels, the test set
is balanced by GPT-assigned labels, which is achieved by
selecting 18 instances per label per language (or fewer if there
are fewer than 18 label instances in the batch). The selection
of texts to be manually annotated comprised 1,199 instances
with a balanced distribution across languages. Finally, the
test set was manually annotated to obtain human gold labels.
Details on the annotation campaign are provided in the next
section.

E. TEACHER MODEL PERFORMANCE
The first application of the manually annotated test set
was to measure the performance of the GPT-4o model that
was used for automatic annotation. The model demonstrates
consistently high performance, with an average macro-F1
score of 0.731 and a micro-F1 score of 0.722. Its performance
across different languages is stable, with a 5-point difference
between the highest macro-F1 score (on Slovenian) and the
lowest (on Catalan), as shown in Table 1.

TABLE 1. GPT-4o performance on each language in the human-labeled
test set in micro-F1 and macro-F1 scores, averaged across three
prediction iterations, with standard deviation included.

IV. MANUAL ANNOTATION OF TEST DATA
The test sample, balanced by GPT-assigned labels and the
four languages, is manually annotated by a single annotator.
The annotator was provided with annotation guidelines with
the descriptions of the labels (see Appendix A) and received
brief training on the annotation process. The description
of the labels is based on the official definitions provided
by the IPTC [43]. However, since these definitions offer
only a high-level understanding of the distinctions between
labels, we enriched the descriptions with examples of their
lower-level labels to facilitate a more precise and consistent
annotation.
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TABLE 2. Pair-wise inter-annotator agreement in terms of the nominal
Krippendorff’s alpha.

In addition to the standard 17 top-level IPTC Media Topic
labels, three additional labels have been introduced to assist
the annotator in identifying and excluding texts that are not
suitable for the purposes of our task: do not know (highly
challenging instance lacking a clear topic), not news (text of
a different genre, e.g., Promotion), and multiple (presence of
multiple texts in a single instance). The manual annotation
process excluded 70 instances (5.83%) as unsuitable. Among
these, 4% were excluded because of the absence of a clear
topic, 2% because they contained multiple texts in a single
instance, and 0.1% due to incorrect genre classification. The
final test sample consists of 1,129 text instances. The test
dataset is available on request from the corresponding author.
It is not publicly released to prevent its integration into
large language models (LLMs) during their pretraining or
fine-tuning phase to maintain the integrity of future model
evaluations.

A. INTER-ANNOTATOR AGREEMENT
To assess the reliability of human and LLM annotations,
a subset of 339 instances from the test set, balanced by
labels and languages, was annotated by a second annotator.
Human annotators received the same guidelines, provided
in Appendix A, and participated in a preliminary test
annotation which was followed by a discussion to resolve the
disagreements.

The inter-annotator agreement is evaluated using Krippen-
dorff’s alpha metric [44], a statistical measure frequently
employed in content analysis, social sciences, and machine
learning to determine the reliability of multiple human
annotators in data classification. The metric accounts for the
likelihood of agreement occurring by chance, with a value
of 1 indicating perfect agreement and a value of 0 indicating
agreement equal to chance [45]. Theoretically, reliable
inter-annotator agreement is represented by alpha values
of 0.8 or higher, whereas an alpha of 0.667 is considered
the threshold for acceptable annotation reliability [44].
Nonetheless, this threshold value is frequently not achieved
in manual annotation campaigns for text classification tasks.
This shortcoming can be attributed to the high subjectivity
and complexity of annotation tasks, which often involve cases
where characteristics of multiple labels are present [46]. This
problem has also been demonstrated in tasks similar to topic
classification, such as automatic genre identification [47],
sentiment annotation [48], [49], [50], and detection of hate
speech [51], [52].

In our experiments, the nominal Krippendorff’s alpha
between the two annotators reached 0.728. This outcome is

FIGURE 3. Label-level inter-annotator agreement in terms of the nominal
Krippendorff’s alpha.

TABLE 3. Intra-annotator agreement in terms of the nominal
Krippendorff’s alpha for the human annotator (1st annotator) and the
LLM teacher model.

deemed satisfactory as it exceeds the threshold for acceptable
reliability. Furthermore, this level of inter-annotator agree-
ment is comparable to or exceeds the agreement observed
in similar text-level classification tasks. At the same time,
the moderate level of agreement highlights the challenging
nature of this task, as multiple topic labels may be discussed
in certain news articles.

As shown in Table 2, the inter-annotator agreement
between each of the human annotators and the LLM model
was on par with the agreement between the two human
annotators. This finding addresses Research Question 1
(RQ1), demonstrating that the LLM model is as capable of
data annotation for this task as human annotators.

We also assess the agreement between the human and LLM
annotators at the label level. Fig. 3 illustrates the substantial
variation in inter-annotator agreement across topic labels,
highlighting labels that are less clearly defined, which leads
to confusion among annotators. The labels sport and weather
are well comprehended by both human and LLM annotators,
achieving high inter-annotator agreement above 0.90 in terms
of Krippendorff’s alpha. Labels religion, lifestyle and leisure,
and society present challenges for the LLM, with human
annotators demonstrating significantly higher agreement.
The label economy, business and finance is particularly
problematic for both humans and the LLM, with an average
inter-annotator agreement of 0.43.
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B. INTRA-ANNOTATOR AGREEMENT
To further assess the reliability of the annotations provided
by humans and LLMs, we instruct both a human annotator
and the GPT-4o model to re-annotate the subset that was
previously used to calculate the inter-annotator agreement.
Annotators are given the same instructions as in the initial
annotation process, and the labels previously assigned to
the texts are hidden from them. Intra-annotator agreement is
evaluated using Krippendorff’s alpha measuring consistency
between two annotation runs conducted by the same anno-
tator. Table 3 presents the intra-annotator agreement for the
human and LLM annotators. The human annotator achieved
a relatively high Krippendorff’s alpha of approximately
0.80, indicating a reliable level of self-agreement. The
GPT-4o model demonstrated even greater consistency with
Krippendorff’s alpha of 0.93, highlighting the reliability of
large language models in producing consistent responses.
However, while such consistency is advantageous, more
diverse responses, similar to those obtained from the human
annotator, can be beneficial for various research directions,
including learning from disagreement [53].

V. STUDENT MODEL FINE-TUNING EXPERIMENTS
In this section, we describe the experiments that involve
fine-tuning of student BERT-like models on training data
that were automatically annotated by the teacher GPT model.
In Section V-A, we present the student model which is used
in the experiments that examine (1) the impact of training
data size on classification performance (Section V-B),
(2) the model’s label-level performance (Section V-C), and
(3) the model’s monolingual, multilingual, and cross-lingual
capabilities (Section V-D).

A. STUDENT MODEL
As the student model, we select the large-sized
XLM-RoBERTa model [54] (available on the Hugging
Face repository: https://huggingface.co/FacebookAI/xlm-
roberta-large), which we fine-tune on the teacher-annotated
EMMediaTopic dataset. This BERT-like encoder model,
pretrained on hundred languages, has demonstrated strong
multilingual and cross-lingual performance across various
text classification tasks, which also involved the languages
used in our experiments [1], [32], [55]. The optimal
hyperparameters were identified via a hyperparameter search
performed on the development dataset. Appendix C provides
a comprehensive description of the selected hyperparameters.

The models, fine-tuned on the teacher-annotated training
dataset, are evaluated on the test dataset via micro-F1 and
macro-F1 scores to assess the performance at both the
instance and label levels, respectively. Each model was
trained and tested at least three times to gain an understanding
of the performance consistency. The reported scores represent
the mean values calculated across all iterations and are
accompanied by a standard deviation. In the experiments
related to the training data size, five iterationswere performed

FIGURE 4. Performance in micro-F1 and macro-F1 scores of the
XLM-RoBERTa (XLM-R) model fine-tuned on various sizes of training data,
compared to the zero-shot GPT-4o performance as the upper limit. The
scores are averaged across five iterations of fine-tuning and evaluation,
each using different random sample of a specified size, drawn from the
training dataset.

per data point owing to the addition of the subset selection
process, which was an additional source of variation of the
results.

B. IMPACT OF THE TRAINING DATA SIZE
In this section, we address Research Question 2 (RQ2). First,
we explore the feasibility of achieving high performance
of BERT-like models on the news topic classification task
when fine-tuned on automatically annotated data. Second,
we investigate the minimum amount of training data required
to attain a performance level comparable to that of the
teacher model. To this end, we fine-tune the XLM-RoBERTa
model on the subsets from the original training set, which
are stratified by label size and balanced across languages.
The smaller training datasets comprise 1,000, 2,500, 5,000,
10,000, and 15,000 instances.

Fig. 4 shows the impact of the training data size on the
model performance. The performance of the GPT-4o model
is considered to be an upper limit, as it served as the teacher
model for annotating the training dataset for the student
model. The level of improvement begins to plateau after
15,000 instances. Notably, student models trained on datasets
comprising 15,000 data points or more exhibit performance
levels that are comparable to those of the teacher GPT model.
There is less than a one-point difference in macro-F1 and
micro-F1 scores between the student and teacher models.
These findings confirm the feasibility of achieving high
performance in the news topic classification task using a
student model trained on data annotated by a teacher model.

Fine-tuning student models on training datasets compris-
ing 15,000 data points or more provides optimal results;
however, the findings also reveal that the models exhibit
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TABLE 4. Performance in macro-F1 scores of monolingual and multilingual models trained on 5,000 instances and evaluated on each language in the test
split, and on the entire test split. The results of the monolingual training and evaluation are highlighted in gray color. The highest score for each
language-specific test set is highlighted in bold. GPT-4o performance is added as the upper limit, as the models were trained on its predictions. The
reported scores represent the average results across three iterations of training and evaluation, with the standard deviation provided.

FIGURE 5. Confusion matrix for the best-performing XLM-RoBERTa
student model.

substantial performance even with minimal training data.
Specifically, student models trained on datasets comprising
1,000–5,000 instances achieve average micro-F1 scores
ranging from 0.678 to 0.704 and macro-F1 scores between
0.692 and 0.716. Notably, the student model trained on only
1,000 instances demonstrates a performance that is only four
points lower than that of the teacher GPT model.

C. LABEL-LEVEL PERFORMANCE
The best-performing version of the XLM-RoBERTa student
model, namely, a version trained on 15,000 instances,
has been made available in the Hugging Face repository
(accessible at https://huggingface.co/classla/multilingual-
IPTC-news-topic-classifier). This model attains a macro-F1
score of 0.746 and micro-F1 score of 0.734. Further insights
into the performance of the model at the label level can be
obtained from the confusion matrix depicted in Fig. 5, which
displays the true versus predicted labels.

The labels that are most accurately predicted by the model
are weather, sport, and religion, with label-level F1 scores
above 0.89. These findings are consistent with the label-level

inter-annotator agreement shown in Fig. 3 (see Section IV-A),
which identified these labels as those with the highest
consensus among human annotators. Interestingly, despite
the weather label being represented by less than 1% of the
instances of the training dataset, this did not negatively impact
the performance of the model. The model demonstrated a
near-perfect classification accuracy for this label, achieving
an F1 score of 0.94. This result confirms the usefulness of
the classifier also for the labels that are less represented in
the training dataset.

In contrast, the most challenging labels for the
XLM-RoBERTa student model are lifestyle and leisure,
human interest, and economy, business and finance,
as evidenced by label-level F1 scores ranging from 0.59 to
0.62. This is not surprising, given that these categories have
also been identified as challenging for both human and
LLM annotators. As shown in Fig. 5, the label economy,
business and finance is frequently misclassified as science
and technology when the texts pertain to the sales of
technology products; or as environment in instances where
the texts address electricity infrastructure. The label human
interest is often mistaken for arts, culture, entertainment
and media, because both categories encompass content
related to celebrities. The former is typically associated with
tabloid-style presentations of celebrity lives, whereas the
latter is intended to cover more serious topics. Similarly,
the label lifestyle and leisure frequently overlaps with both
human interest and arts, culture, entertainment and media,
as it encompasses individuals’ recreational activities, which
may intersect with topics represented by the other two
labels. These overlaps illustrate the complexities inherent
in IPTC topic classification, which pose challenges to
both manual annotation and automatic classification. These
challenges arise primarily from the broad nature of top-
level labels, which often leads to intersections among
categories. A potential solution to these problems is to
conduct classification with labels from the lower levels of
the Media Topic schema, which are more specific but also
more challenging due to their high number.

D. MONOLINGUAL, MULTILINGUAL AND CROSS-LINGUAL
PERFORMANCE
The preceding section demonstrated the potential for achiev-
ing high performance using the LLM teacher-student setup
for the task of news topic classification. This section explores
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the applicability of student models to languages on which
they were not fine-tuned. We analyze the performance of
fine-tuned models in monolingual, multilingual, and cross-
lingual settings, addressing Research Questions 3 (RQ3)
and 4 (RQ4).

Specifically, we fine-tune the XLM-RoBERTa model on
monolingual subsets extracted from the original training
dataset comprising only Croatian (hr), Slovenian (sl), Catalan
(ca), or Greek (el) instances. Each monolingual subset
consists of 5,000 instances in the target language, and
the subsets have similar label distributions. Additionally,
the evaluation includes the multilingual model, trained
on samples comprising 5,000 instances (as described in
Section V-B), distributed equally across the four languages.
The training dataset for the multilingual model is limited
to 5,000 instances to ensure that the multilingual model
is trained on a dataset of equivalent size to that of the
monolingual models and to eliminate any potential influence
of the dataset size on the results.

The models are evaluated on the manually annotated test
dataset, split into target language subsets. Each monolingual
test subset comprises approximately 300 instances. The
reported scores are averaged across the three iterations of
fine-tuning and evaluation.

Table 4 presents the performance of the monolingual and
multilingual models across four languages included in the
test set. In a zero-shot cross-lingual scenario – where the
models are evaluated on a language different from the one
they were fine-tuned on –, the models demonstrate relatively
high macro-F1 scores, ranging from 0.66 to 0.74. Moreover,
the zero-shot cross-lingual performance is often comparable
to, and in most cases even exceeds, the models’ performance
in monolingual and multilingual settings – where the models
are evaluated on the language which is included in their
(either monolingual or multilingual) fine-tuning dataset.
These findings, pertaining to Research Question 3 (RQ3),
demonstrate that student models exhibit high performance
even when applied to languages that are not part of the
fine-tuning training dataset.

Second, we compare the performance of student models
on a target language when they are fine-tuned on 5,000
instances of (1) monolingual data in the target language,
or (2) multilingual data that are balanced across the
target language and three additional languages. Through
these experiments, we address Research Question 4 (RQ4),
which focuses on investigating whether the development
of language-specific models offers any advantages over
the development of a multilingual model trained on an
equivalent amount of data, consisting of instances in the
target language and other languages. If the experiments would
show that monolingual results are significantly higher, this
might require to host potentially many language-specific
models for cases where top performance is important enough.
The results presented in Table 4, where the monolingual
performance is highlighted in gray, however, reveal that the
multilingual model achieves performance that is comparable

to, or on certain language-specific test sets surpasses that
of the model fine-tuned only on the target language. This
finding highlights the benefits of training student models
on multiple languages, through which the robustness of the
model is quite likely to improve. More importantly, this result
allows the final inference procedure to be very simple, with
a single multilingual model that can be applied to any text
written in one of the 100 supported languages on which the
XLM-RoBERTa model was pretrained [54].

VI. CONCLUSION
This paper presents a novel methodology for developing
annotated training data using a teacher-student framework
based on large language models. By fine-tuning a smaller
Transformer model on the data annotated by a GPT model,
this methodology allows for scalable classification of news
topics without the need for manual annotation of the training
data. The code for the development of GPT-annotated
training data and XLM-RoBERTa topic classifiers is
publicly accessible (https://github.com/TajaKuzman/IPTC-
Media-Topic-Classification).

The IPTC Media Topic training dataset is developed
by extracting news articles from web corpora in four
languages (Slovenian, Croatian, Greek, and Catalan) based
on automatic genre identification using the X-GENRE
classifier [1] and automatic topic annotation using the GPT
model as a teacher model. The EMMediaTopic dataset [42]
has been made freely available in the CLARIN.SI repository
(http://hdl.handle.net/11356/1991).

The GPT model, used in a zero-shot prompting fashion,
demonstrates high performance across all languages and
labels, with an average macro-F1 score of 0.731 and
micro-F1 score of 0.722. The inter-annotator agreement
between the two human annotators is comparable to the
agreement between the teacher LLM model and each of
the human annotators. Furthermore, the intra-annotator
agreement analysis reveals that the GPT model demonstrates
a significantly higher consistency in topic labeling than the
human annotator. The results indicate that large language
models possess a comparable ability to human annotators in
labeling training data with news topic categories, but with less
variation in the output.

GPT models are computationally too demanding for
scaling topic annotation to millions of data points that
regularly need to be annotated, as is the case in the news
media industry. Thus, we develop smaller BERT-like models,
considered as student models, by fine-tuning them on the
GPT-annotated EMMediaTopic training dataset. We show
that the developed training data are of a sufficient quality
to achieve high performance of the student models. This
finding confirms the feasibility of the LLM teacher-student
framework for the development of multilingual news topic
classifiers. Specifically, the XLM-RoBERTa-based student
models, when fine-tuned on 15,000 or more data points,
demonstrate a performance comparable to that of the GPT
teacher model, with a difference of less than one point in both

VOLUME 13, 2025 35629

184 Chapter 5. Development of a Genre Classifier Without Manually-Annotated Data



T. Kuzman, N. Ljubešić: LLM Teacher-Student Framework for Text Classification With No Manually Annotated Data

the micro-F1 and macro-F1 scores. Motivated by positive
results, we publish the best-performing student model on
Hugging Face (https://huggingface.co/classla/multilingual-
IPTC-news-topic-classifier), providing the first open-source
IPTC Media Topic classification model for the top layer of
the Media Topic schema that can be applied to any language
covered by the XLM-RoBERTa model. The model was
trained on 15,000 instances in four languages, and it achieves
a micro-F1 score of 0.734 and a macro-F1 score of 0.746.

Furthermore, we delve deeper into the constraints of
the performance of the student models, investigating their
ability to generalize in a zero-shot cross-lingual scenario. The
experiments with student models fine-tuned either on mono-
lingual or multilingual training data and evaluated on four
languages show high zero-shot cross-lingual performance,
yielding macro-F1 scores between 0.66 to 0.74. Moreover,
the zero-shot cross-lingual performance exceeds the models’
performance in monolingual and multilingual settings. These
results indicate that incorporating the target language within
the training dataset is not essential for achieving a high topic
classification performance in that language.

Further experiments concerning the scalability of IPTC
classification across multiple languages investigate the
potential advantages of developing language-specific student
models compared with constructing a multilingual model
fine-tuned on the same amount of data in four languages,
thereby less data in the target language. An analysis of
the performance of monolingual versus multilingual models
across four target languages reveals that the multilingual
model achieves a performance that is either comparable
or superior to that of models fine-tuned exclusively on
the target language. This finding suggests that multilingual
models are a more effective approach to catering to multiple
languages. These models provide high performance across
multiple languages while requiring less annotated data in the
target language and incurring smaller processing and storage
costs compared to the development of individual models for
each language.

In this study, we employ only the 17 top-level categories
of the IPTC Media Topic hierarchical schema. The analysis
of the agreement between human annotators and the LLM
annotator for each category, as well as the confusion matrix
for the fine-tuned model, highlighted challenges associated
with the ambiguity of certain top-level labels. In future
work, we plan to extend our experiments to include more
fine-grained categories from the lower levels of the IPTC
schema, which are more useful for some users and news
media providers. We consider following the hierarchical
approach proposed by [19] and [20], where the top label
is assigned to the text first with the classifier presented in
this paper, and then based on the predicted label, a more
specialized lower-layer classifier is selected to make deeper
level-two predictions. Moreover, our current experiments
involve single-label classification, which does not account
for the multifaceted nature of some texts in which multiple
top-level topics could be useful to the end user. To address

this, we plan to move towards a multi-label classification
setting based on the information on the confidence of the
student model.

Motivated by positive results, we intend to expand our
experiments involving the LLM teacher-student framework
to topic classification across various domains, such as parlia-
mentary proceedings and web corpora. Furthermore, we aim
to explore the applicability of the proposed methodology to
additional text classification tasks, including automatic genre
identification, which is recognized as a challenging task for
human annotators [47].

Furthermore, future work could include a more in-depth
exploration of potential biases that might emerge in the
fine-tuned student model. The biases may be introduced from
the original sources, since the training data is sourced from a
large collection of online news articles, as well as from the
large language model used for annotating these training data.
Given that the news topic categories include sensitive subjects
such as conflict, war and peace, religion, and society, it is
important to consider the potential biases originating from
both the training data and the large language model while
deploying the automatic news classification system in real-
world applications.

VII. LIMITATIONS
While our LLM teacher-student methodology provides
promising results, it is important to acknowledge that the
success of this approach is fundamentally dependent on
the credibility of the teacher model, as its performance
represents the upper limit of what can be achieved with the
framework. In our study, the GPTmodel demonstrated strong
performance in the news topic classification task, achieving
highmacro-F1 andmicro-F1 scores and exhibiting annotation
reliability comparable to that of human annotators. These
findings highlight the feasibility of the framework for this
specific task, providing high-quality annotations at minimal
cost. However, this level of performance may not necessarily
be replicable across other natural language processing tasks
or languages, where the conventional method of training on
manually annotated data may still be preferable. Therefore,
it is crucial that researchers assess the teacher model on
manually annotated test datasets to ensure its reliability and
comparability to human annotators prior to applying the LLM
teacher-student approach to their use cases.

APPENDIX A
ANNOTATION GUIDELINES
A. GENERAL INSTRUCTIONS
Annotate the provided texts with the IPTC topic labels,
provided below. If it is hard to choose between two labels,
you can also help yourself by searching through the taxonomy
of sublabels (https://www.iptc.org/std/NewsCodes/treeview/
mediatopic/mediatopic-en-GB.html) where you might find
the specific topic of your text and see under which of out
top-level labels it fits (but do not spend too much time on
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TABLE 5. IPTC Media Topic labels and their descriptions, which have been constructed by the authors of this paper.

FIGURE 6. Prompt used for automatic annotation of data with the GPT-4o model.

it, if it is very hard to decide, rather annotate it as ‘‘do not
know’’).

B. ADDITIONAL LABELS FOR HARD CASES
We are interested only in reasonable and informative
instances. That is whywe added to the list of labels threemore
categories for you to ‘‘discard’’ the text:

• do not know: if it is impossible to decide under which
label this instance fits.

• not news: if the text is not a news article, for example,
it is an advertisement, recipe, legal text, blog post,
etc.

• multiple: if the instance is not a single text, but consists
of multiple texts.
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1) IPTC LABEL DESCRIPTION
Table 5 presents the IPTCMedia Topic labels along with their
descriptions, as provided to the human annotators and GPT
model.

APPENDIX B
PROMPT FOR AUTOMATIC ANNOTATION
Fig. 6 shows the prompt presented to the GPT model for
the purpose of automatic annotation. The prompt includes
descriptions of the labels, presented in Table 5.

APPENDIX C
FINE-TUNING HYPERPARAMETERS FOR THE
XLM-ROBERTA MODELS
In the fine-tuning experiments, we use the following hyper-
parameters that were determined through a hyperparameter
search on the development dataset: a learning rate of 8e−6,
a train batch size of 32, and a maximum sequence length of
512 tokens. The optimal number of training epochs was found
to depend on the size of the training data, as shown in Table 6.

TABLE 6. Number of epochs used for fine-tuning the XLM-RoBERTa
model, depending on the size of the training data (number of instances).
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Chapter 6

Conclusions

This thesis addressed the complex task of automatic genre identification by proposing novel
methodologies for schema creation and manual annotation, and by investigating suitable
machine learning techniques. Throughout the research process, the development of the
genre classifier was guided by three important criteria: (1) robustness, (2) multilingual ca-
pability, and (3) high usability for downstream applications, namely, for scalable automatic
annotation of large web corpora, and for effective genre-based text selection in language
technology development and corpus linguistic research.

First, our examination of existing genre schemata and datasets in Chapter 2 revealed
that none can be directly applied to our study. The existing high-coverage schemata pro-
vide a useful foundation, however, they have several limitations: excessive label granular-
ity, which negatively impacts the reliability of manual annotations; limited comparability
across schemata, hindering the potential merging of multiple existing genre datasets; ab-
stract label names that may not be comprehensible to end users; and closed label sets that
do not account for instances outside predefined categories. To address these challenges, we
set out to develop new genre schemata that rectify the limitations identified in previous
work. Our proposed schemata, presented in Chapter 3, are based on existing schemata
to allow for potential mapping between genre schemata and the integration of existing
genre datasets into our machine learning experiments. This approach is particularly im-
portant given the lack of comparability between datasets in previous work, which has led
to dataset-specific experiments and results that provide limited insight into the robustness
of the developed genre classifier, that is, its generalization capabilities when applied to
other datasets.

Until recently, research on automatic genre identification has predominantly focused
on the English language, with limited availability of non-English genre datasets. This
thesis addresses this gap by developing a manually-annotated genre dataset in Slovenian,
which is one of the target languages in our research (see Chapter 3). To ensure that
the Slovenian genre dataset accurately represents real-world web texts, we follow estab-
lished best practices from prior studies, including the extraction of random instances from
web corpora and consideration of the temporal diversity of resources. Having conducted
a manual annotation campaign for the development of the Slovenian genre dataset, we
demonstrate that achieving acceptable inter-annotator agreement in genre identification
annotation campaigns is feasible. This is accomplished through a manual annotation ap-
proach that is based on a well-designed genre schema, comprehensive annotation guidelines,
and the employment of expert annotators.

To improve the performance of classifiers trained on manually-annotated genre datasets,
we merge the Slovenian dataset with two additional manually-annotated English datasets.
This integration is based on a novel joint schema to which existing schemata are mapped
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(see Section 3.2 in Chapter 3). Our findings indicate that models fine-tuned on this joint
dataset achieve superior results compared to models fine-tuned on other existing datasets,
even those that are up to six times larger. This outcome demonstrates that the proposed
dataset is more effective for training genre classifiers and reinforces the notion that dataset
quality is more important than size.

Having created a multilingual training and test genre dataset – which we have shown
to be highly effective for training genre classifiers – we proceed to the next phase detailed
in Chapter 4: experimenting with various text classification methodologies to determine
which of them provides the most robust generalization across datasets and languages.
To this end, we develop two additional test datasets encompassing eleven languages that
span ten branches across three major language families and use three different scripts.
This linguistic diversity allows for a comprehensive evaluation of a classifier’s performance
across both languages and writing systems. Our experiments, which include in-dataset,
cross-dataset, and zero-shot cross-dataset cross-lingual setups, reveal that fine-tuned deep
neural Transformer-based BERT-like models outperform other machine learning methods
in the task of automatic genre identification. The superior performance of these models
is particularly evident in cross-dataset evaluation scenarios, where traditional non-neural
machine learning approaches yield micro-F1 and macro-F1 scores of approximately 0.50 or
below, indicating that they are not suitable for constructing a robust genre classifier. In
contrast, the fine-tuned BERT-like model achieves remarkably high performance even on
test sets using non-Latin scripts and on languages not closely related to those used during
fine-tuning. These findings suggest that the final BERT-based genre classifier has strong
potential for application across all languages included in the model’s pretraining data.

Additionally, in light of recent advances in large language models (LLMs), we also
evaluate the efficacy of the recently introduced zero-shot prompting approach using LLMs
for the task of automatic genre identification (see Section 4.5 in Chapter 4). The findings
indicate that both open-source and closed-source LLMs demonstrate robust zero-shot per-
formance across all languages except Maltese, achieving macro-F1 scores as high as 0.87.
The evaluation also shows that the test datasets, integrated into a newly developed bench-
mark, are not only useful for determining the state-of-the-art technology for automatic
genre identification but also for evaluating the capabilities of large language models. The
results on this benchmark highlight rapid advances in LLM development and significant
differences in LLM performance across different languages.

Finally, leveraging the high performance of large language models in a zero-shot prompt-
ing setup, and the computational efficiency of the fine-tuned BERT-like models, we intro-
duce a novel methodology for developing text classification models without the need for
manually-annotated training data in Chapter 5. The proposed methodology, termed the
LLM Teacher-Student Framework, uses a large language model as a data annotator –
the teacher model – to automatically annotate training datasets with accuracy compara-
ble to human annotation. A BERT-like model – the student – is then fine-tuned on this
automatically-annotated data to produce a classifier that is more computationally efficient.
Our evaluation, conducted on three test datasets across more than ten languages, shows
that the student model achieves strong performance, thereby demonstrating that the LLM
Teacher-Student Framework is a viable method for developing reliable genre classifiers.
Second, the results indicate that this approach effectively leverages the strengths of both
LLMs and BERT-like models: LLMs provide high-quality annotations through zero-shot
prompting, while BERT-like models benefit from domain adaptation through fine-tuning
on specific instances, which exposes them to specific characteristics of the training texts.
This domain-specific fine-tuning enables the student model to occasionally even outper-
form the teacher model. However, it is important to acknowledge that the student model
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rarely matches the performance of the same base model fine-tuned on human-annotated
data. This underscores the added value of human annotation, which, despite being more
time-consuming, labor-intensive, and costly, generally yields higher-quality training data.
We do not argue that human annotation will become obsolete. Particularly for evalua-
tion purposes, human-annotated test sets remain indispensable for ensuring reliable re-
sults. Nonetheless, in scenarios where large-scale annotation of multilingual training data
is required, human annotation may be impractical due to resource constraints. In such
instances, LLM-based annotation can be a highly effective alternative.

In summary, this thesis addresses the task of automatic genre identification from mul-
tiple complementary perspectives, with a strong emphasis on advancing the field while
maintaining comparability with prior research. We introduce novel genre schemata that
facilitate reliable manual annotation and the development of robust classifiers while re-
maining mappable to previously used schemata. This design choice directly addresses
a key limitation of earlier work, namely the lack of comparability across studies due to
incompatible genre schemata, and enables the reuse and joint evaluation of previously
developed datasets. We improve the manual annotation methodology for the task of au-
tomatic genre identification to further increase the reliability of annotation campaigns.
Building on these foundations, we develop several new training and test datasets in mul-
tiple European languages, which support the creation of robust genre classifiers and the
evaluation of diverse machine learning methods on the task of automatic genre identifica-
tion across different evaluation setups. The test datasets are integrated into a multilingual
benchmark, enabling long-term evaluation of various models for this task and providing
insight into the performance of large language models across different languages. Using
this benchmark, we show that a model trained on only a small set of languages can achieve
strong performance on a wide range of diverse and even unrelated languages. We also pro-
vide one of the early systematic evaluations of large language models for text classification
in a zero-shot prompting scenario, demonstrating that high-quality genre classification can
be achieved using only label definitions. Finally, motivated by the limitations of manual
annotation, we introduce a novel teacher–student pipeline for developing genre classifiers
without manually-annotated data. To the best of our knowledge, this approach has not
previously been applied to this task and is potentially transferable to other text clas-
sification problems, thereby extending the impact of this work beyond automatic genre
identification. The subsequent section further elaborates on the scientific contributions of
this thesis.

6.1 Summary of Scientific Contributions

In this thesis, we address the entire process of developing automatic genre classifiers, from
the formulation of a genre schema, the creation of a manually-annotated dataset, to ma-
chine learning experiments, and the validation of classifier robustness. The research pro-
vides significant contributions to the academic community, particularly in the areas of
genre classification, text classification, multilingual natural language processing (NLP),
and the development of language resources for less-resourced languages.

We introduce novel genre schemata that allow annotation with genre of the entire com-
position of not only web documents, but textual documents in general. Furthermore, these
schemata have been demonstrated to support reliable manual annotation with high inter-
annotator agreement. As detailed in Chapter 3, the GINCO and X-GENRE schemata
meet the following essential criteria: they offer sufficient coverage to enable classification
of the majority of texts in a web collection under specific labels; they comprise a limited
number of labels, as increased granularity can negatively impact both the reliability of
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manual annotations and the performance of models; and they are accessible to a broader
audience through the use of labels with intuitive names. Through the development of these
schemata, we achieve Goal G1 “Develop a high-coverage genre schema that encompasses
the full spectrum of genre variation in web texts and ensures reliable manual annotation
with high inter-annotator agreement.” The novel schemata are presented in Sections 3.1.1
and 3.2.1, which are based on the papers “The GINCO Training Dataset for Web Genre
Identification of Documents Out in the Wild ” (Kuzman, Rupnik, et al., 2022) in Section
3.1.5, and “Automatic Genre Identification for Robust Enrichment of Massive Text Col-
lections: Investigation of Classification Methods in the Era of Large Language Models”
(Kuzman, Mozetič, et al., 2023) in Section 3.2.4.

We propose a novel methodology for manual genre annotation that ensures high manual
annotation reliability, fulfilling Goal G2. The improvements to the annotation methodology
include the establishment of objective annotation criteria and the involvement of expert an-
notators who undergo continuous training. Significant effort is devoted to the development
of comprehensive annotation guidelines to ensure the annotators’ shared understanding of
genre labels. The guidelines for both proposed schemata are publicly accessible to support
future manual annotation campaigns.1 Our findings demonstrate that the proposed man-
ual annotation approach achieves acceptable inter-annotator agreement in genre identifi-
cation annotation campaigns, surpassing both the threshold for acceptable inter-annotator
agreement and the scores reported in previous studies (Egbert et al., 2015; Sharoff, 2018).
These findings are consistent with Hypothesis H1 : “Acceptable inter-annotator agreement
in genre identification annotation campaigns can be accomplished through a manual anno-
tation approach that is based on a well-designed genre schema, comprehensive annotation
guidelines, and employment of expert annotators.”. The methodology for manual genre
annotation is presented in Section 3.1.2 in Chapter 3, based on the paper “The GINCO
Training Dataset for Web Genre Identification of Documents Out in the Wild ” (Kuzman,
Rupnik, et al., 2022) in Section 3.1.5.

We present the first Slovenian dataset manually-annotated with genre information: the
Genre Identification Corpus (GINCO). This dataset facilitates the training and evalua-
tion of machine learning models for automatic genre identification on the Slovenian lan-
guage. We then explore the integration of the GINCO dataset with other English manually-
annotated datasets, resulting in the development of a new Slovenian-English X-GENRE
dataset. The X-GENRE dataset brings together three datasets in two languages, collected
using different methods, sources, and time periods. This diversity improves the generaliza-
tion and robustness of models trained on it. Furthermore, the inclusion of instances in both
English and Slovenian languages permits the analysis of multilingual performance of genre
classifiers. In adherence to the FAIR principles (Findable, Accessible, Interoperable, and
Reusable), we make the GINCO dataset (Kuzman et al., 2021) and the X-GENRE dataset
(Kuzman & Ljubešić, 2024a) freely accessible by depositing them in the CLARIN.SI and
Hugging Face repositories to ensure their long-term preservation and open access.2 The
development of these training datasets, which fulfills the first part of Goal G3, and the ex-
amination of their comparability with other existing datasets are detailed in Sections 3.1.3,
3.2, and 3.2.2, and in the following papers: “The GINCO Training Dataset for Web Genre
Identification of Documents Out in the Wild ” (Kuzman, Rupnik, et al., 2022) in Section

1The GINCO annotation guidelines can be accessed at https://tajakuzman.github.io/
GINCO-Genre-Annotation-Guidelines/ and the X-GENRE annotation guidelines are available at
https://tajakuzman.github.io/X-GENRE-Annotation-Guidelines/.

2The X-GENRE dataset is accessible on the CLARIN.SI repository at http://hdl.handle.net/11356/
1960 and the Hugging Face repository at https://doi.org/10.57967/hf/6582, and the GINCO dataset is
available on the CLARIN.SI repository at http://hdl.handle.net/11356/1467 and the Hugging Face repos-
itory at https://huggingface.co/datasets/cjvt/ginco.

https://tajakuzman.github.io/GINCO-Genre-Annotation-Guidelines/
https://tajakuzman.github.io/GINCO-Genre-Annotation-Guidelines/
https://tajakuzman.github.io/X-GENRE-Annotation-Guidelines/
http://hdl.handle.net/11356/1960
http://hdl.handle.net/11356/1960
https://doi.org/10.57967/hf/6582
http://hdl.handle.net/11356/1467
https://huggingface.co/datasets/cjvt/ginco
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3.1.5, “Assessing Comparability of Genre Datasets via Cross-Lingual and Cross-Dataset
Experiments” (Kuzman, Ljubešić, & Pollak, 2022) in Section 3.2.3, and “Automatic Genre
Identification for Robust Enrichment of Massive Text Collections: Investigation of Classi-
fication Methods in the Era of Large Language Models” (Kuzman, Mozetič, et al., 2023) in
Section 3.2.4.

We develop test datasets for a variety of European languages, thereby fulfilling Goal
G3 : “Develop a genre dataset for Slovenian, which will be the first of its kind for this
language, to enable training and evaluation of machine learning models in automatic genre
identification on Slovenian language. Additionally, we will construct training datasets
that include English, and separate test datasets for various European languages to assess
the performance of genre classifiers in cross-dataset and cross-lingual evaluation scenar-
ios.” The newly developed EN-GINCO and X-GINCO test datasets encompass eleven
languages from three major language families – Indo-European, Turkic, and Afro-Asiatic
– and include different writing systems, thus enabling a comprehensive evaluation of genre
classifiers across both languages and scripts. Building upon these datasets, we establish
the AGILE Benchmark (Automatic Genre Identification Benchmark), freely available on
GitHub,3 thereby fulfilling Goal G4. The benchmark addresses the lack of reference evalu-
ation datasets and enables comparative analyses of machine learning techniques employed
in the task of automatic genre identification. Additionally, our experiments with large
language models (LLMs) demonstrate that the AGILE benchmark serves as a valuable
resource not only for assessing the state of the art in automatic genre identification but
also for evaluating and comparing large language models across languages. We integrate
the EN-GINCO and X-GINCO test datasets into a broader benchmark for LLM evaluation
that encompasses a range of text classification and commonsense reasoning tasks for South
Slavic languages (Kuzman Pungeršek, Rupnik, Porupski, et al., 2026). The results of the
evaluations on this benchmark are also published in the form of an interactive dashboard,
the “CLASSLA LLM Evaluation Dashboard for South Slavic Languages”,4 which enables
interactive exploration and analysis of LLM evaluation results across languages and tasks.
The development of the test datasets is detailed in Section 4.1.1 in Chapter 4, and in the pa-
pers “Automatic Genre Identification for Robust Enrichment of Massive Text Collections:
Investigation of Classification Methods in the Era of Large Language Models” (Kuzman,
Mozetič, et al., 2023) in Section 3.2.4 and “Zero-Shot Cross-Lingual Genre Classification
on Diverse European Languages” (Kuzman Pungeršek et al., In submission) in Section 4.6.

We conduct experiments with various machine learning techniques to identify the most
reliable methodology for genre classification. Our findings indicate that the BERT-like
XLM-RoBERTa model, fine-tuned on the English-Slovenian training dataset, achieves
state-of-the-art performance on this task and is capable of generalizing across different
datasets and European languages. The results of these experiments provide empirical sup-
port for Hypothesis H2 “Fine-tuned deep neural Transformer-based language models out-
perform other machine learning methods in the task of automatic genre identification in the
Slovenian language.” and Hypothesis H3 “A reliable zero-shot cross-lingual performance in
automatic genre identification across numerous European languages is possible by leverag-
ing the cross-lingual capabilities of massively multilingual pre-trained Transformer models.”
By using the best-performing machine learning method and the most suitable training
dataset, we develop a robust multilingual genre classifier, termed the X-GENRE classifier,
thereby achieving Goal G5. The X-GENRE classifier (Kuzman & Ljubešić, 2024c) has
been made available on the CLARIN.SI repository and the Hugging Face repository.5 The

3https://github.com/TajaKuzman/AGILE-Automatic-Genre-Identification-Benchmark
4https://www.clarin.si/classla-llm-dashboard/
5The X-GENRE classifier is freely accessible on the CLARIN.SI repository at http://hdl.handle.net/

https://github.com/TajaKuzman/AGILE-Automatic-Genre-Identification-Benchmark
https://www.clarin.si/classla-llm-dashboard/
http://hdl.handle.net/11356/1961
http://hdl.handle.net/11356/1961
http://hdl.handle.net/11356/1961
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machine learning experiments are detailed in Sections 4.2, 4.3, 4.4, and 4.5, and in the pa-
pers “Automatic Genre Identification for Robust Enrichment of Massive Text Collections:
Investigation of Classification Methods in the Era of Large Language Models” (Kuzman,
Mozetič, et al., 2023) in Section 3.2.4, “Zero-Shot Cross-Lingual Genre Classification on
Diverse European Languages” (Kuzman Pungeršek et al., In submission) in Section 4.6,
and “State of the Art in Text Classification for South Slavic Languages: Fine-Tuning or
Prompting? ” (Kuzman Pungeršek, Rupnik, Porupski, et al., 2026) in Section 4.7.

Leveraging recent advancements in large language model capabilities, we propose an
innovative methodology for developing text classifiers without the need for manually-
annotated data, termed the LLM Teacher-Student Framework. Our findings indicate that
the LLM annotator surpasses the threshold for minimally acceptable inter-annotator agree-
ment. Furthermore, the agreement between the LLM annotator and human annotators is
significantly higher than the human inter-annotator agreement reported in related genre
annotation studies (Egbert et al., 2015; Sharoff, 2018). These results suggest that the LLM
is a viable data annotator. We show that replacing human annotators with a large lan-
guage model for training data annotation is an effective strategy for developing robust and
efficient genre classifiers. The methodology is applicable not only to genre identification,
but also to other text classification tasks, such as topic classification. The novel method-
ology is detailed in Chapter 5 and published in the paper titled “LLM Teacher-Student
Framework for Text Classification With No Manually Annotated Data: A Case Study in
IPTC News Topic Classification” (Kuzman & Ljubešić, 2025), included in Section 5.3.

Although applying the developed genre classifier to real-world annotation scenarios is
beyond the scope of this thesis, our connected work confirms the practical utility of the
developed classifier. Inter alia, we applied the X-GENRE classifier to large web corpora
in ten less-resourced European languages (see Kuzman Pungeršek et al. (In submission)
in Section 4.6), resulting in a multilingual genre-annotated corpus collection of nearly 53
million texts. These corpora, released as the MaCoCu-Genre dataset (Kuzman & Ljubešić,
2024b), are openly available on the CLARIN.SI repository.6 The X-GENRE classifier has
also been used to annotate parallel MaCoCu corpora aligned with English texts (Kuzman,
Rupnik, et al., 2023), and two releases of the CLASSLA-web corpora (Kuzman Pungeršek,
Rupnik, Suchomel, et al., 2026; Ljubešić & Kuzman, 2024) that encompass the entire South
Slavic language family and total 57 million unique texts.7 Given their scale and recency,
these massive multilingual corpora are key resources for developing language technologies
and conducting linguistic analyses for the less-resourced languages that they cover. They
have already been used for pretraining BERT-like and decoder-only large language models
(Ljubešić, Suchomel, et al., 2024; Vreš et al., 2024), for building datasets for downstream
NLP tasks (Kuzman & Ljubešić, 2025; Kuzman et al., 2024), and have been shown to be
heavily consulted by linguists (Erjavec et al., 2024; Ljubešić, Kuzman, et al., 2024). To
encourage broader use among linguists, language teachers, and digital humanists, we in-
troduced the genre-annotated CLASSLA-web corpora in the CLASSLA-Express workshop
series (Ljubešić, Kuzman, et al., 2024), held in eleven cities across six countries in 2024
and 2025. The workshops showed participants how to use the CLASSLA-web corpora in
language research, which includes linguistic analyses that leverage genre information.

Genre annotations have also proven useful for exploring similarities and differences be-
tween the corpora. For example, a genre-based analysis of CLASSLA-web 1.0 (Ljubešić
& Kuzman, 2024) showed consistent genre distributions across the seven South Slavic

11356/1961 and the Hugging Face repository at https://doi.org/10.57967/hf/0927.
6The MaCoCu-Genre dataset is freely available at http://hdl.handle.net/11356/1969.
7The CLASSLA-web corpora are available on the CLARIN.SI repository and can be queried through

the CLARIN.SI concordancer. The links to each of the corpora are available at https://clarinsi.github.io/
classla-web/.
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corpora, with variations aligning with economic differences. We found that web corpora
from economically less developed countries are dominated by news content, while those
from more developed regions include more promotional and opinionated texts. Similarly,
in Kuzman, Rupnik, et al. (2023), analysis of seven parallel MaCoCu corpora, covering
Bulgarian, Croatian, Icelandic, Macedonian, Maltese, Slovenian, and Turkish, revealed im-
portant differences between them. For instance, the Macedonian, Maltese, and Icelandic
corpora were shown to comprise more news articles than other corpora, whereas the Slove-
nian, Croatian, Bulgarian, and Turkish corpora contain more promotional texts. These
applications highlight the value of automatic genre annotation for understanding corpus
composition and cross-linguistic variation.

Additionally, the genre-annotated text collections support the development of genre-
specific datasets for corpus linguistics and various natural language processing tasks. The
genre-enriched datasets have already been used in multiple studies that benefit from genre-
based data selection. In a study focused on the development of a news topic classification
model, news articles were extracted from the MaCoCu-Genre dataset by filtering for the
News genre label (see Kuzman and Ljubešić (2025) in Section 5.3). Another of our studies
used the Slovenian MaCoCu-Genre corpora and a selection of genre labels to develop a
question-answering test dataset for evaluating retrieval-augmented generation systems in
Slovenian (Kuzman et al., 2024).

6.2 Further Work

There are several promising directions for extending this work and addressing its current
limitations. First, we could further improve the performance of both fine-tuned BERT-like
models and large language models (LLMs). This could involve expanding the X-GENRE
training dataset by (a) incorporating additional instances from the CORE (Egbert et al.,
2015) and FTD (Sharoff, 2018) datasets – they have been only partially included in the
X-GENRE dataset to ensure a balanced distribution of instances across the three datasets,
and (b) including additional languages by mapping the X-GENRE schema to existing
annotated corpora using the FTD or CORE schema, such as the Russian FTD dataset
(Sharoff, 2018) and Finnish, Swedish, and French datasets based on the CORE schema
(Laippala et al., 2020; Skantsi & Laippala, 2023). The evaluation could also be extended
to include languages that are more typologically and geographically diverse. While our
current work covers over ten languages, including several that are less-resourced, they
are all European. Future research could address this by incorporating languages such as
Mandarin Chinese, Hindi, and Arabic, thereby broadening the scope of multilingual genre
classification.

Further work could also explore the potential of newer multilingual Transformer-based
encoder models. While XLM-RoBERTa (Conneau et al., 2020) remains a strong baseline
for automatic genre identification, recently introduced models like mmBERT, pretrained on
over 1,800 languages, have been reported to improve both performance and speed, particu-
larly for low-resource languages (Marone et al., 2025). It remains to be seen whether such
models would offer improvements in genre classification over the XLM-RoBERTa model.
The performance of LLMs could also be enhanced through more sophisticated prompting
strategies. Techniques such as chain-of-thought prompting (Wei et al., 2022) could be ex-
plored, as well as experimenting with different genre schemata used in the prompts, namely,
the CORE (Egbert et al., 2015), FTD (Sharoff, 2018), or GINCO schemata. Another possi-
ble direction is to investigate the effectiveness of fine-tuning LLMs using parameter-efficient
methods like low-rank adaptation (LoRA; Hu et al. (2021)) and QLoRA (Dettmers et al.,
2023), which allow large models to be adapted with significantly lower memory require-
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ments.
Maltese was shown to be a particularly challenging case in our evaluations for both

BERT-like models and LLMs (see Sections 4.4 and 4.5). One possible explanation is its
limited representation in the pretraining data of the evaluated Transformer-based mod-
els. However, this interpretation requires further empirical validation. Previous studies
on other tasks have shown that additional pretraining on monolingual data can substan-
tially improve performance for under-represented languages such as Maltese (Chau et al.,
2020; Ebrahimi & Kann, 2021; Muller et al., 2021). Future work could examine whether
performance on languages that are not included in the model’s pretraining data could be
improved by additional pretraining, or by fine-tuning on genre-annotated data prepared
specifically in these languages. If the performance of large language models continues to
improve on under-represented languages, this could also open up the possibility of using
LLM-based annotation to create genre-labeled training data for Maltese and other lan-
guages on which the current state-of-the-art technologies underperform.

Building robust genre classifiers for single-label classification is a crucial first step to-
ward reliable automatic genre identification. However, due to the limited control over
content creation on the web, previous work has pointed to the need for solutions for deal-
ing with complex cases, such as hybrid texts, i.e., texts that have features of multiple
genres, texts without any discernible purpose or features, and documents that consist of
multiple texts, e.g., a letter, posted as a part of a blog (Kwaśnik & Crowston, 2005; Repo
et al., 2021; Sharoff, 2021). Although the GINCO dataset was constructed with such cases
in mind, as it includes some multi-label annotations and instances of multi-text documents,
these challenges were not explored in depth in our current work. Future work could focus
on multi-label classification, span-level genre annotation within documents, and methods
for handling noisy documents.

Explainability is another area that could be explored in more detail. While not the
focus of the thesis, we have explored the role of lexical and syntactic features in genre
classification using fastText (Kuzman & Ljubešić, 2022), and examined the features that
impact the cross-lingual model performance (Kuzman Pungeršek et al., In submission) in
our related works. These studies suggest that syntactic features may play a significant role
in genre differentiation, but the findings are based on small-scale experiments. Scaling up
these analyses to more languages, genre categories, and instances would yield more robust
conclusions. It would also be insightful to explore whether the characteristics of genre
labels are consistent across cultures and languages.

Finally, the high computational costs associated with Transformer-based models remain
a key limitation. Both BERT-like encoders and decoder-only LLMs require significant hard-
ware resources for training and inference, which make them less accessible to individuals,
researchers, and organizations with resource constraints. While this issue falls outside the
scope of the current work, future research could focus on developing more efficient architec-
tures that reduce computational requirements while maintaining performance. Addressing
this challenge could make genre classification tools even more widely usable.

6.3 Implementation and Availability

The source code for the experiments presented in this dissertation is publicly available
under an MIT license to ensure the reproducibility of the conducted research. Specifically,
the code can be found in the following GitHub repositories:

• The code for experiments evaluating the suitability of the GINCO schema and dataset
for the development of genre classifiers, presented in Section 3.1.4 and described in
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the paper “The GINCO Training Dataset for Web Genre Identification of Documents
Out in the Wild ” (Kuzman, Rupnik, et al. (2022); Section 3.1.5):

https://github.com/TajaKuzman/GINCO-web-genre-experiments-paper

• The code for experiments exploring the integration of the Slovenian GINCO dataset
with pre-existing English manually-annotated genre datasets, presented in Section 3.2
and described in the paper “Assessing Comparability of Genre Datasets via Cross-
Lingual and Cross-Dataset Experiments” (Kuzman, Ljubešić, and Pollak (2022); Sec-
tion 3.2.3):

https://github.com/TajaKuzman/Cross-Lingual-and-Cross-Dataset-Experiments-
with-Genre-Datasets

• The code for the development of the joint X-GENRE schema, and for machine learn-
ing experiments using different genre schemata, genre datasets and machine learning
methods, presented in Sections 3.2.1, 3.2.2, 4.2 and 4.3, and described in the paper
“Automatic Genre Identification for Robust Enrichment of Massive Text Collections:
Investigation of Classification Methods in the Era of Large Language Models” (Kuz-
man, Mozetič, et al. (2023); Section 3.2.4):

https://github.com/TajaKuzman/X-GENRE-Classifier-Development

• The code for cross-lingual zero-shot experiments, presented in Section 4.4 and de-
scribed in the paper “Zero-Shot Cross-Lingual Genre Classification on Diverse Eu-
ropean Languages” (Kuzman Pungeršek et al. (In submission); Section 4.6):

https://github.com/TajaKuzman/Zero-Shot-Cross-Lingual-Genre-Experiments

• The code for experiments evaluating the performance of large language models on the
automatic genre identification benchmarks, presented in Section 4.5 and described
in the paper “State of the Art in Text Classification for South Slavic Languages:
Fine-Tuning or Prompting? ” (Kuzman Pungeršek, Rupnik, Porupski, et al. (2026);
Section 4.7):

https://github.com/TajaKuzman/AGILE-Automatic-Genre-Identification-
Benchmark

• The code for experiments based on the LLM Teacher-Student framework for the
development of a genre classifier without manually-annotated data, presented in
Chapter 5 and described in the paper “LLM Teacher-Student Framework for Text
Classification With No Manually Annotated Data: A Case Study in IPTC News
Topic Classification” (Kuzman and Ljubešić (2025); Section 5.3):

– https://github.com/TajaKuzman/IPTC-Media-Topic-Classification (experi-
ments with news topic classification)

– https://github.com/TajaKuzman/LLM-Teacher-Student-Framework-on-Genre
(experiments with genre identification)

Adhering to the FAIR principles, we have made available manually-annotated genre
datasets, automatically-annotated web corpora, and trained genre classifiers, namely:

• The Slovenian manually-annotated genre dataset GINCO (Kuzman et al., 2021),
presented in Section 3.1.3 and described in the paper “The GINCO Training Dataset
for Web Genre Identification of Documents Out in the Wild ” (Kuzman, Rupnik,

https://github.com/TajaKuzman/GINCO-web-genre-experiments-paper
https://github.com/TajaKuzman/Cross-Lingual-and-Cross-Dataset-Experiments-with-Genre-Datasets
https://github.com/TajaKuzman/Cross-Lingual-and-Cross-Dataset-Experiments-with-Genre-Datasets
https://github.com/TajaKuzman/X-GENRE-Classifier-Development
https://github.com/TajaKuzman/Zero-Shot-Cross-Lingual-Genre-Experiments
https://github.com/TajaKuzman/AGILE-Automatic-Genre-Identification-Benchmark
https://github.com/TajaKuzman/AGILE-Automatic-Genre-Identification-Benchmark
https://github.com/TajaKuzman/IPTC-Media-Topic-Classification
https://github.com/TajaKuzman/LLM-Teacher-Student-Framework-on-Genre
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et al. (2022); Section 3.1.5), is freely available under the CC BY-SA 4.0 license on
the CLARIN.SI repository at http://hdl.handle.net/11356/1467 and on the Hugging
Face repository at https://huggingface.co/datasets/cjvt/ginco.

• The English-Slovenian manually-annotated genre dataset X-GENRE (Kuzman &
Ljubešić, 2024a), presented in Section 3.2.2, and described in the paper “Automatic
Genre Identification for Robust Enrichment of Massive Text Collections: Investi-
gation of Classification Methods in the Era of Large Language Models” (Kuzman,
Mozetič, et al. (2023); Section 3.2.4), is freely available under the CC BY-SA 4.0
license on the CLARIN.SI repository at http://hdl.handle.net/11356/1960, and on
the Hugging Face repository at https://doi.org/10.57967/hf/6582.

• The multilingual genre classifier X-GENRE (Kuzman & Ljubešić, 2024c) – the best
performing XLM-RoBERTa model, fine-tuned on the X-GENRE dataset – presented
in Section 4.8, and described in the paper “Automatic Genre Identification for Robust
Enrichment of Massive Text Collections: Investigation of Classification Methods in
the Era of Large Language Models” (Kuzman, Mozetič, et al. (2023), Section 3.2.4),
is freely available under the CC BY-SA 4.0 license on the CLARIN.SI repository
at http://hdl.handle.net/11356/1961, and on the Hugging Face repository at https:
//doi.org/10.57967/hf/0927.

• The MaCoCu-Genre corpora (Kuzman & Ljubešić, 2024b) that have been automat-
ically annotated with genres with the X-GENRE classifier, mentioned in Sections
4.1.1 and 6.1 and described in the paper “Zero-Shot Cross-Lingual Genre Classifi-
cation on Diverse European Languages” (Kuzman Pungeršek et al. (In submission);
Section 4.6) are freely available under the CC0 license on the CLARIN.SI repository
at http://hdl.handle.net/11356/1969.

• The CLASSLA-web corpora that have been automatically annotated with genres
with the X-GENRE classifier, mentioned in Section 6.1, are freely available under
the CC0 license on the CLARIN.SI repository at https://www.clarin.si/repository/
xmlui/ and can be queried through the CLARIN.SI concordancer at https://www.
clarin.si/ske/. The links to each of the corpora are available at https://clarinsi.
github.io/classla-web/.

The EN-GINCO and X-GINCO test datasets have not been published online to prevent
their inclusion in the training data of large language models. This measure facilitates
reliable long-term evaluation on these benchmarks. Instead, the datasets are available
upon request from the authors and have been integrated into the AGILE Benchmark
(Automatic Genre Identification Benchmark), which is publicly available on GitHub: https:
//github.com/TajaKuzman/AGILE-Automatic-Genre-Identification-Benchmark.

Additionally, we have published the genre annotation guidelines to facilitate future
genre annotation campaigns. They can be accessed at the following websites:

• The genre annotation guidelines for the GINCO schema, presented in Sections
3.1.1 and 3.1.2, and described in the paper “The GINCO Training Dataset for
Web Genre Identification of Documents Out in the Wild ” (Kuzman, Rupnik,
et al. (2022); Section 3.1.5), are published at https://tajakuzman.github.io/
GINCO-Genre-Annotation-Guidelines/.

• The genre annotation guidelines for the X-GENRE schema, presented in Section 3.2.1
and described in the paper “Automatic Genre Identification for Robust Enrichment of
Massive Text Collections: Investigation of Classification Methods in the Era of Large

http://hdl.handle.net/11356/1467
https://huggingface.co/datasets/cjvt/ginco
http://hdl.handle.net/11356/1960
https://doi.org/10.57967/hf/6582
http://hdl.handle.net/11356/1961
https://doi.org/10.57967/hf/0927
https://doi.org/10.57967/hf/0927
http://hdl.handle.net/11356/1969
https://www.clarin.si/repository/xmlui/
https://www.clarin.si/repository/xmlui/
https://www.clarin.si/ske/
https://www.clarin.si/ske/
https://clarinsi.github.io/classla-web/
https://clarinsi.github.io/classla-web/
https://github.com/TajaKuzman/AGILE-Automatic-Genre-Identification-Benchmark
https://github.com/TajaKuzman/AGILE-Automatic-Genre-Identification-Benchmark
https://tajakuzman.github.io/GINCO-Genre-Annotation-Guidelines/
https://tajakuzman.github.io/GINCO-Genre-Annotation-Guidelines/
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Language Models” (Kuzman, Mozetič, et al. (2023); Section 3.2.4), are published at
https://tajakuzman.github.io/X-GENRE-Annotation-Guidelines/.

https://tajakuzman.github.io/X-GENRE-Annotation-Guidelines/
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