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Message from the General Chair

Welcome to the Joint 25th Nordic Conference on Computational Linguistics and 11th Baltic Conference
on Human Language Technologies (NoDaLiDa/Baltic-HLT 2025) to be held in beautiful Tallinn, Estonia,
on March 2-5, 2025.

It is 48 years since the first NoDaLiDa was held and 21 years since the first Baltic HLT was held. Now,
for the first time, the two major conferences on computational linguistics and language technology in the
Nordic and Baltic regions have joined forces as a joint event. Both conferences aim to bring together
researchers in the Nordic and Baltic countries interested in any aspect related to human language and
speech technology. As a joint event, we extended the conference with one extra workshop day so that we
have one day before and one day after the main two-day conference. It is a great honor for me to serve
as the general chair of this joint event.

We solicited three different types of papers (long, short, and demo papers) and received 127 valid sub-
missions, of which 4 were withdrawn during the process. In total, we accepted 81 papers (acceptance
rate: 66%; long papers 65%, short papers: 66%, demos 80%), which will be presented as 43 oral pre-
sentations, 34 posters, and 4 demos. More than half of the accepted papers are student papers, in which
the first author is a student (29 long, 19 short, and 2 demo papers). Each paper was reviewed by three
experts. We are extremely grateful to the 155 Programme Committee members for their detailed and
helpful reviews.

The 81 accepted papers are organized into 12 oral sessions and 2 poster and demo sessions. In addition to
these regular sessions, the conference program includes three keynote talks. We would like to extend our
gratitude to the keynote speakers for agreeing to present their work at NoDaLiDa/Baltic-HLT. Arianna
Bisazza from the University of Groningen will talk on the topic of “Not all Language Models Need to be
Large: Studying Language Evolution and Acquisition with Modern Neural Networks.” Dirk Hovy from
Bocconi University will talk about “The Illusion of Understanding — Unpacking the True Capabilities of
Language Models.” Arvi Tavast from the Institute of the Estonian Language will talk about “No Sex, No
Future: On the Status of Estonian in a Changing World,” continuing the NoDaLiDa tradition of featuring
a presentation about the local language.

The main conference is complemented by 6 workshops on a diverse set of topics. On March 2, pre-
ceding the main conference: Resources and representations for under-resourced languages and do-
mains (RESOURCEFUL-2025); Nordic-Baltic Responsible Evaluation and Alignment of Language
models (NB-REAL); and The 1st Workshop on Ecology, Environment, and Natural Language Process-
ing (NLP4Ecology). On March 5, after the main conference: Constraint Grammar and Finite State NLP
— Rule-based and hybrid methods and tools for user communities; The 13th Workshop on Natural Lan-
guage Processing for Computer Assisted Language Learning (NLP4CALL); and Automatic Assessment
of Atypical Speech (AAAS). The workshop themes illustrate the breadth of topics that can be found in
language technology, and we are extremely happy and grateful to the workshop organizers for comple-
menting the main program.

I would like to thank the entire team that made NoDaliDa/Baltic-HLT possible. I was honored to receive
the invitation to serve as the general chair from Jorg Tiedemann and the NEALT board; thank you
for trusting me in this role. My deepest gratitude goes to the organizing committee. Thank you to
the program chair committee Daniel Hershcovich, Jenna Kanerva, Pierre Lison, and Andrius Utka, for
working hard on putting the program together, especially for your great effort in leading the reviewing
process and shepherding papers from submission to the final decision. Thank you to the program chair
advisors Mark FiSel and Inguna Skadina, for your valuable advice about previous editions of NoDaLiDa
and Baltic-HLT. Thank you to Richard Johansson for leading the publication efforts that led to this
volume, as well as the coordination of the workshop proceedings. Thank you to the workshop chairs,
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Normunds Grizitis and Samia Touileb, for leading the workshop selection. Thank you to Mike Zhang,
our social media chair, for all your posts and for spreading information about the conference. My ultimate
thank you goes to the local organizer team, Helen Kaljumie, Merily Remma, and Kadri Vare, for a truly
amazing job; the conference wouldn’t have happened without your effort! It was a pleasure to work
together.

On behalf of the organizing committee, we would like to thank the NoDaLiDa/Baltic-HLT sponsors for
their generous financial support that helped us organize an affordable conference. We would also like
to thank all the conference speakers and participants. Your interactions and enthusiasm are what will
make the actual conference into a forum for fruitful conversations and discussions that contribute to
connections for years to come.

Welcome, and I hope you enjoy the Joint 25th Nordic Conference on Computational Linguistics and 11th
Baltic Conference on Human Language Technologies

Sara Stymne
Uppsala
March 2025



Message from the Local Organizers

When we began planning this event, we initially set out to host Baltic-HLT, a key conference for the
Baltic language technology community. However, it ended up that this year marks the first time that
Baltic-HLT and NoDaLiDa have been brought together, uniting two established traditions into one joint
conference. In an era shaped by rapid advancements in language technologies — especially the rise
of large language models — collaboration across regions and disciplines is more important than ever.
Together we can address common challenges and ensure that every language, large or small, has a place
in the digital future. We are pleased to welcome you to Tallinn, where cultural richness and innovation
come together! We hope your time here brings new ideas, valuable connections, and leaves you with
great memories.

Thank you for everyone for being part of NoDaLiDa/Baltic-HLT 2025, and we wish you a wonderful
conference!
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Invited Talk: Not all Language Models Need to be Large —
Studying Language Evolution and Acquisition with Modern
Neural Networks

Arianna Bisazza
University of Groningen

Why do languages look the way they do? And what makes us so good at learning language as we grow
up? Since the early days of connectionism, outstanding questions about human language have been
investigated by means of simulations involving small neural networks (NNs) and toy languages. Is this
still possible and meaningful in the age of Large pre-trained Language Models (LLMs)?

In this talk, I’ll propose that modern NNs can indeed be a valuable tool to simulate and study processes
of language evolution and acquisition. This, however, requires having control of training data, model
architecture, and learning setup, which is typically not possible with LLMs.

I will then present two lines of research following these principles, namely: (1) simulating language
change using small NN-agents that learn to communicate with pre-defined artificial languages, and (2)
simulating the acquisition of syntax by training LMs on child-directed language. I’ll end with a discus-
sion of the value of interdisciplinarity and the importance of experimenting in controlled setups, rather
than focusing all our research efforts on the evaluation of LL.Ms.

Invited Talk: The Illusion of Understanding — Unpacking the
True Capabilities of Language Models

Dirk Hovy
Bocconi University

The rapid development of large language models in recent years has transformed the field of NLP. Many
people are concerned that it has trivialized the field or even rendered it obsolete. In this talk, I’ll argue
that neither is true: NLP has a long way to go, and LLMs are the most recent in a long line of methods
that have advanced the field. LLMs have freed us from many of the nitty-gritty details that previously
hampered NLP research, allowing us to focus on larger and more interesting questions.

One of the most fundamental questions is what it means to “understand” language. In a world where Al
can generate anything from translations to poetry and code, it’s easy to believe these models genuinely
understand us. However, despite its linguistic abilities, today’s generative Al still resembles a skilled
mimic rather than a genuine linguist. We will look at thought experiments and real-world examples to
demonstrate the limitations of statistical models’ knowledge, their inability to grasp context and nuance,
and the dangers of overestimating their abilities. I will emphasize the theoretical and practical implica-
tions for future language technology, with a focus on social context. Drawing on philosophy, linguistics,
and NLP history, we will investigate what it truly means to ‘understand’ a language beyond the words
and the implications for safety and utility in LLMs.
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Invited Talk: No Sex, no Future — On the Status of Estonian
in a Changing World

Arvi Tavast
Institute of the Estonian Language

Apart from well-known anecdotes about the absence of gender marking and future tense, the most pecu-
liar feature of Estonian is its number of speakers. Being one of the smallest fully functional languages in
the world, it is a source of pride for its speakers, as well as a central part of their identity. The resulting
puristic attitudes towards language also enjoy strong legal support. One of the enablers of this ideologi-
cal stance is the channel metaphor of communication: that language as a system exists independently of
its speakers, and communication works in virtue of using a shared code to encode and decode messages.
This metaphor is still going strong in folk linguistics despite all evidence to the contrary, including re-
cent advances in language modelling. A completely different reading for the title of the talk is provided
by more recent learning- and prediction-based accounts of why we understand each other. Language,
like any naturally evolving system, is vitally dependent on the random variability that is so conveniently
present in linguistic data. This makes openness to new information a precondition to having a future,
also for languages.
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Abstract

Analyzing direct speech in historical lit-
erary texts provides insights into char-
acter dynamics, narrative style, and dis-
course patterns. In late 19" century Dan-
ish and Norwegian fiction direct speech
reflects characters’ social and geographi-
cal backgrounds. However, inconsistent
typographic conventions in Scandinavian
literature complicate computational meth-
ods for distinguishing direct speech from
other narrative elements. To address this,
we introduce an annotated dataset from the
MeMo corpus, capturing speech markers
and tags in Danish and Norwegian novels.
We evaluate pre-trained language models
for classifying direct speech, with results
showing that a Danish Foundation Model
(DFM), trained on extensive Danish data,
has the highest performance. Finally, we
conduct a classifier-assisted quantitative
corpus analysis and find a downward trend
in the prevalence of speech over time.

1 Introduction

The analysis of direct speech in literary texts pro-
vides valuable insights into narrative style, char-
acter dynamics as well as aesthetic developments
and other broader discourse patterns. In the con-
text of literary history, it has been argued that di-
rect speech, understood as a narrative element that
purports to quote a character’s speech (Cohen and
Green, 2019), is one of the most distinctive com-
ponents of modern Danish fiction from the late
19t century (Kristensen, 1955). Realist authors
of the period use direct speech to reflect charac-
ters’ social and geographical backgrounds through
dialogue rather than explicit description, aiming
to portray the fictional world with verisimilitude,
i.e. a touch of the real. In Scandinavian litera-

1
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ture, typographic marking of speech—such as quo-
tation marks, dashes, and colons—is often incon-
sistent, complicating the task of distinguishing di-
rect speech from narrative text. This is especially
true for Danish and Norwegian novels from the
late 19" century, where typographic conventions
are highly variable. While readers can often in-
tuitively recognize direct speech, computational
approaches require structured annotation to accu-
rately capture these nuanced typographic and lin-
guistic features (Stymne, 2024).

We introduce a newly annotated dataset de-
rived from the MeMo corpus (Bjerring-Hansen
etal., 2022), which includes annotations of speech
markers, speech tags and speech separated from
other narrative elements across Danish and Nor-
wegian novels from the late 19" century. This
dataset, annotated on the word level, facilitates the
segmentation of direct speech from other narra-
tive elements, enabling sequence tagging model
training for the automated detection of these ele-
ments. We evaluate several pre-trained language
models tailored for Danish and Norwegian, in-
cluding the Danish Foundation Models (DFM;
Enevoldsen et al., 2023) and MeMo-BERT (Al-
Laith et al., 2024a), to assess their ability to detect
direct speech in historical Scandinavian texts, and
find DFM particularly effective. Our findings are
of importance to not only literary scholars, but also
(socio)linguists who are allowed an indirect access
to spoken language from before modern recording
technologies (Culpeper and Kyto, 2010).

Our contributions are threefold: (1) we present
an annotated dataset that captures the typographic
and linguistic indicators of direct speech in 19"
century Danish and Norwegian literature, (2) we
conduct an empirical evaluation of state-of-the-art
language models fine-tuned on this dataset, and (3)
we provide insights into the performance and gen-
eralization capabilities of these models for classi-
fying direct speech.
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Author Novel

Type

Example

Kamillo Karstens Grevinde Danner

Michael Rosing En Romantiker

Ragnhild Goldschmidt  En Kvindehistorie

Herman Bang Tine Dash
Holger Drachmann Forskrevet Unmarked

German quotation marks
Guillemet-form, Danish
Guillemet-form, French

,Les , “udbrgd han

>Kom Jomfru! lad os faa en Dans til Afsked <«
<Laura, Din Kjole er vaad; regner det? >

— Farvel!

Jeg husker Dem meget godt ! svarede han

Table 1: Excerpts from five novels from the MeMo corpus with different quotation styles.

2 Related Work

Direct speech identification. Identifying direct
speech in literary texts has been a focal area in
NLP, with various resources and methodologies
addressing typographic and linguistic challenges
across languages. The Swedish Literary corpus
of Narrative and Dialogue (SLiNDa) exemplifies
these efforts, providing annotated excerpts from
Swedish novels between 1809 and 1940 that cap-
ture speech segments, tags, and speaker identi-
fication (Stymne and Ostman, 2020, 2022). In
a similar vein, Troiano and Vossen (2024) in-
troduced CLAUSE-ATLAS, a corpus designed to
study narrative structure in 19" and 20" century
English novels, leveraging large language models
for clause-based annotation.

Recent studies have also explored annota-
tion challenges in texts lacking quotation marks.
Stymne (2024) compared manual (gold) and au-
tomated (silver) annotation methods, finding that
gold data yields better model performance at the
token level, while silver data often excels at cap-
turing speech spans. Despite these advancements,
most methods rely on monolingual, genre-specific
corpora that may not extend well to historical
Scandinavian languages.

Historical literary Scandinavian NLP. Our
study builds on recent advances in computa-
tional approaches for analyzing historical Scan-
dinavian literature, emphasizing the need for
tailored datasets and models suited to under-
resourced languages. Allaith et al. (2023); Al-
Laith et al. (2024b) developed NLP methods
specifically adapted to the unique linguistic char-
acteristics of 19" century Danish and Norwegian
texts, addressing challenges such as archaic vo-
cabulary, inconsistent orthography, and noisy data.
Further studies, such as Feldkamp et al. (2024) and
Lindhardt Overgaard et al. (2024), underscore that
models and datasets customized for genre-specific
nuances enhance the analysis of specialized text
types. Bjerring-Hansen et al. (2024) also con-

tributed by distinguishing between contemporary
and historical novels, underscoring the value of
domain-specific resources for genre classification
in historical corpora. These efforts highlight the
importance of customized NLP frameworks for
advancing computational humanities, particularly
in historical Scandinavian literature.

3 Dataset

3.1 Main Corpus

We use the MeMo corpus (Bjerring-Hansen et al.,
2022), comprising 859 Danish and Norwegian
novels spanning the last 30 years of the 19" cen-
tury, with more than 64 million tokens. We refer to
this corpus as the ‘main corpus’. It should be noted
that, until 1907, written Norwegian was practi-
cally identical to written Danish (Vikgr, 2022).

3.2 Speech Corpus

Segment extraction. We randomly extract 100
segments, each consisting of three consecutive
paragraphs, from 100 different novels in the
MeMo corpus. For the selection of the target nov-
els, five novels are handpicked by literary experts
specifically to represent diverse quotation styles
(see Table 1), while the remaining 95 are selected
at random, ensuring diverse and comprehensive
coverage of quotation styles.

Annotation guidelines. To address the chal-
lenges described in §1, we develop clear annota-
tion criteria to ensure consistency and accuracy in
identifying speech-related elements:

1. Speech (“SP”): All words and punctuation
that are part of direct speech are labeled as
“SP”.  We do not differentiate embedded
speech (e.g., quotations within speech) as
both the outer and inner quotations are la-
beled as “SP”.

2. Speech Marker (“SM”): Any typographi-
cal markers indicating speech, such as quo-
tation marks, colons, or dashes, are labeled



as “SM”. If a colon appears directly before
quotation marks, it is also labelled “SM”. For
example, in the following:

He shook his head and said: “Certainly, but
the stones must be examined first”,

both the colon and quotation marks are la-
beled as “SM”.

3. Speech Tag (“‘ST””): Speech tags (or inquit
phrases), such as “he said,” “she asked,” or
“they replied,” are labeled as “ST”. This label
applies only to the verb and subject, exclud-
ing any adverbs or adverbial phrases, e.g., in
And then he whispered almost inaudibly
only “he whispered” is labeled as “ST”.
Punctuation immediately preceding or fol-
lowing the tag is also considered part of the
“ST” if it is not eligible to be marked as
”SM”.

4. Other (“O”): All other words and punctua-
tion not categorized under the above labels
are marked as “O”. This includes indirect
speech and free indirect discourse. Addition-
ally, inner thoughts and citations from letters
or documents are also labelled as “O”.

Annotation process. The annotation is carried
out on the INCEpTION platform (Klie et al.,
2018) by three literary scholars with domain ex-
pertise in late 19" century Scandinavian fiction.
For agreement calculation and in order to obtain a
high-quality testing set, we select 15% of samples
for multiple annotation by all three experts. These
consist of 15 segments from 15 different novels
from the last four years of the period, 1896—1899.
In total, they contain 2,530 words. After separate
annotation by the three experts, these are consol-
idated by word-level label majority vote for the
final testing set. The rest of the segments in the
dataset (75 segments from 75 different novels) are
equally split among annotators to be annotated in-
dividually.

Annotation results. The annotation results
demonstrate a clear prevalence of non-speech
elements in the dataset, with a majority of
words categorized as “Other”. Despite the lower
representation of speech-related annotations,
the presence of direct speech is still significant,
indicating that dialogue plays an important role
in the corpus. The minimal occurrences of
“Speech Marker” and “Speech Tag” highlight

Class
Speech (“SP”)

‘ #Words %
7,655 32.6%

Speech Marker (“SM™) | 579 2.5%
Speech Tag (“ST”) 363 1.5%
Other (“O”) 14,861  63.4%
Total | 23,458 100%

Table 2: Distribution of annotated dataset.

the challenges in identifying these features. This
distribution underscores the complexity of the
dataset, as a result of diversity in both literary
styles and typographical conventions, and the
necessity for careful annotation to capture the
nuances of speech within the text. Table 2 shows
statistics about the manually annotated dataset.

Agreement. We use pairwise Cohen’s Kappa to
assess Inter-Annotator Agreement (IAA) on the
subset annotated by all three experts prior to con-
solidation. The pairwise comparisons between
annotators resulted in an average Cohen’s Kappa
score of 0.92, indicating substantial agreement
among annotators in classifying direct speech
from other narrative elements.

4 Experiments and Results

We model direct speech identification as token
classification, i.e. sequence tagging, with the tags
described in §3. We fine-tune and evaluate pre-
trained language models for token classification.

4.1 Pre-trained Language Models

We select models pre-trained on Danish and Nor-
wegian text, based on their performance on Dan-
ish and Norwegian literary benchmark datasets
(Al-Laith et al., 2024a) and ScandEval (Nielsen,
2023). We experiment with models that are not
primarily trained on historical/literary Danish or
Norwegian. These include DanskBERT and DFM
(Large), the Danish Foundation Models sentence
encoder, both trained on the Danish Gigaword
Corpus; NB-BERT-base, trained on the extensive
digital collection at the National Library of Nor-
way; and MeMo-BERT-03, which was developed
through continued pre-training of DanskBERT on
the MeMo corpus. The following provides an ex-
planation of each model used in this research.



DanskBERT. DanskBERT,! a top-performing
Danish language model noted for its success on
the ScandEval benchmark (Snabjarnarson et al.,
2023), is based on the XLLM-RoBERTa architec-
ture and trained on the Danish Gigaword Corpus
(Strgmberg-Derczynski et al., 2021). It features 24
layers, a hidden dimension of 1024, 16 attention
heads, and a subword vocabulary of 250,000. The
model was trained with a batch size of 2,000 for
500,000 steps on 16 V100 GPUs over two weeks.

Danish Foundation Models sentence encoder.
A sentence-transformers model (Enevoldsen et al.,
2023) based on the BERT architecture, featur-
ing 24 layers, 16 attention heads, and a hid-
den size of 1024. It incorporates a dropout
rate of 0.1 for attention probabilities and hidden
states, using GELU activation and supporting up
to 512 position embeddings. With a vocabulary
size of 50,000 tokens, this model, referred to as
DFM (Large), excels in some NLP downstream
tasks such as sentiment analysis and named entity
recognition.”

MeMo-BERT-03. Developed by continuing the
pre-training of the pre-trained Transformer lan-
guage model DanskBERT (Al-Laith et al.,
2024a).> This foundation allows MeMo-BERT-
3 to leverage extensive linguistic knowledge for
NLP tasks in historical literary Danish including
sentiment analysis and word sense disambigua-
tion. The model outperformed different models in
sentiment analysis and word sense disambiguation
tasks (Al-Laith et al., 2024a).

NB-BERT-base. A general-purpose BERT-base
model was developed using the extensive digi-
tal collection at the National Library of Norway
(Kummervold et al., 2021).* It follows the archi-
tecture of the BERT Cased multilingual model and
has been trained on a diverse range of Norwegian
texts, encompassing both Bokmal and Nynorsk
from the past 200 years. This comprehensive
training allows the NB-BERT-base to effectively
handle a wide array of NLP tasks in Norwegian.
The model achieved the second-highest perfor-

'nttps://huggingface.co/vesteinn/
DanskBERT

2https ://huggingface.co/KennethEnevoldsen/
dfm-sentence-encoder-large-exp2-no-lang-align

*https://huggingface.co/MiMe—MeMo/
MeMo—-BERT-03

‘nttps://huggingface.co/NbAiLab/
nb-bert-base
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Figure 1: Proportion of speech tokens, predicted
by fine-tuned DFM (Large), by publication year.

mance ranking in the Norwegian Named Entity
Recognition task compared to other models listed
on the ScandEval benchmark for Norwegian natu-
ral language understanding.

4.2 Experimental Setup

To fine-tune the models, we use a batch size of 32,
and train for 20 epochs with the AdamW optimizer
at a learning rate of 103, choosing the best epoch
based on validation loss. For evaluation, we em-
ploy word-level weighted average Fl-score. We
select for testing the 15% of the dataset annotated
by all three experts, and randomly split the rest
such that 70% of the overall annotated dataset is
used for training and 15% for development.

4.3 Speech Classification Results

Fine-tuning results in notable performance varia-
tions, as shown in Table 3. DFM (Large) achieves
the best results, indicating strong generalization.
NB-BERT-base follows closely, but DanskBERT
and MeMo-BERT-03 perform moderately, show-
ing a notable drop from validation to test scores,
suggesting less robust generalization. As de-
scribed in §3.2, the testing set consists of segments
from the last four years of the period, while (as
described in §4.2) the validation set is randomly
sampled from the rest of the period. The testing
set therefore represents a time shift from training
and is more challenging.

5 Classifier-assisted Corpus Analysis

We use the top-performing model, DFM (Large),
to tag all unlabeled segments in the main corpus.
This results in 35% of words labeled as speech,
61% as non-speech, 2% as speech markers and
2% as speech tags. Figure 1 shows the propor-
tion of speech and non-speech labels over years,
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Validation Testing
Model Fl-score | Fl-score Precision Recall
DanskBERT 0.82 0.71 0.71 0.72
DFM (Large) 0.94 0.89 0.89 0.90
MeMo-BERT-03 0.81 0.73 0.73 0.74
NB-BERT-base 0.93 0.87 0.87 0.87

Table 3: Fine-tuned models’ word-level results on validation and testing sets, of 15 segments each.

illustrating a decreasing trend in the proportion of
direct speech over time, with the highest point at
42% in 1874, declining to a low of 29% by 1889.
This downward trend stands in contrast to findings
from other quantitative studies on direct speech in
novels. For example, in the study of British 19
century novels by Menon (2019), the overall frac-
tion of dialogue across her entire corpus compares
roughly to ours (36%), but she finds no significant
change over time.

Furthermore, our findings challenge the widely
held critical assumption within literary historiog-
raphy that the use of direct speech increased with
the rise of the realist novel in the late 19" century,
as argued by Kristensen (1955), Allison (2018),
and Cohen and Green (2019). Instead, our analy-
sis seems more consistent with the argument pre-
sented by Cohn (1978) that the French naturalist
aesthetic favored free indirect speech over direct
speech, leading to a decline of the latter. This per-
spective aligns more closely with the downward
trend we observe in 19" century Scandinavian lit-
erature than with the stable levels of direct speech
that Menon (2019) reports in British novels from
the same period. In other words, based on these
quantitative analyses of direct speech, late 19"
century Scandinavian novels appear to align more
closely with conventional ideas of naturalist nar-
rative techniques than with those of more conven-
tional realist aesthetics.

6 Conclusion

We presented a dedicated dataset and methodol-
ogy for annotating direct speech in Danish and
Norwegian novels from the late 19" century, use-
ful for not only literary studies but also for lin-

>These numbers may not be perfectly accurate as they are
a result of an accurate-but-not-perfect classifier, as shown in
§4.3. Moreover, they may be more reliable for some years
than for others, but we are unable to quantify this with our
current dataset, since our testing set consists only of segments
from 1896 to 1899.

guistics by providing access to representations of
191" spoken language. By building on the MeMo
corpus, we systematically annotated typographic
markers, speech tags, and direct speech segments,
addressing the significant variation and inconsis-
tencies in typographic conventions within histor-
ical Scandinavian literature. Through our exper-
iments with multiple language models, including
Danish Foundation Models and MeMo-BERT, we
found that DFM (Large) performed best. Using it
to quantify the proportion of speech in the main
corpus, we observed a decreasing trend over time.
Future work will extend our analysis to include
other variations of speech, namely indirect dis-
course, i.e. reporting of character speech, and free
indirect discourse, namely the incorporation of a
character’s speech within the narrator’s language
(Cohen and Green, 2019). Literary-historical re-
search will examine the lexical variations of the
speech tags within the corpus to address a hypoth-
esis (Allison, 2018) that a narrative development
from “telling” to “showing” in 19" century litera-
ture is manifested in a movement towards greater
nuance and lexical variation in the speech tags.
While ‘telling’ is a narrative style, where events
are explained explicitly (e.g., ‘He was angry’),
‘showing’ uses a more detailed narrative style to
implicitly convey what is at stake in the event, as
in ‘He slammed his fist on the table and shouted
“Enough’. The hypothesis is that this shift is
reflected in more nuanced speech tags, moving
from simple terms like ‘said’ to varied ones like
‘muttered’ or ‘snarled.” Our code and data are
in this Github repository: https://github.
com/mime-memo/DirectSpeech.
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Abstract

Phrasal verbs (PVs) are a specific type
of multi-word expression and a specific
feature of the English language. How-
ever, their usage in scientific prose is lim-
ited. Our study focuses on the analy-
sis of phrasal verbs in the scientific do-
main using information theory methods
to describe diachronic phenomena such as
conventionalization and diversification re-
garding the usage of PVs. Thus, we anal-
ysed their developmental trajectory over
time from the mid-17th century to the
end of the 20th century by measuring the
relative entropy (Kullback-Leibler diver-
gence), predictability in the context of the
phrasal verbs particles (surprisal), and the
paradigmatic variability using word em-
bedding spaces. We were able to identify
interesting phenomena such as the pro-
cess of conventionalization over the 20th
century and the peaks of diversification
throughout the centuries.

1 Introduction

Multi-word Expressions (MWESs) are sequences
composed of two or more words that have a de-
gree of conventionality among speakers of the lan-
guage community, holding a strong relationship in
communicating meaning (Siyanova-Chanturia and
Sidtis, 2018). MWEs encompass idioms that are
formally fixed and have a figurative meaning (e.g.,
kick the bucket), compounds (bus ticket), phrasal
verbs (take a ride), and other formulaic expres-
sions that are typically compositional and often
lexically fairly productive (cf. Avgustinova and
Iomdin (2019)).

MWESs contribute to language efficiency due to
the highly predictable transitions from one word
to the next and/or because of their high degree of
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conventionalization (i.e., convergence in linguistic
usage over time). Also, MWEs have a strong influ-
ence on register formation, providing conventional
encodings of context-specific meanings.

We are principally interested in MWE:s in scien-
tific English from a diachronic perspective (mid-
17th century to today). Scientific English devel-
oped into a recognizable register during the late
modern period and became highly conventional-
ized in modern times (cf. Degaetano-Ortlieb and
Teich (2022)).

However, phrasal verbs (PVs), despite being a
specific type of multi-word expression and one of
the most distinctive features of the English lan-
guage, are less common in academic prose, when
compared to other registers. In the scientific reg-
ister, usually more specialized verbs are preferred
(cf. Biber et al. (2021) and Brown et al. (2015)).

The usage of PVs in English scientific writ-
ing indicates specific lexical choices influenced by
contextual configurations and communicative con-
straints. Thus, our aim is to investigate, using in-
formation theory measures, whether phrasal verbs
contribute to standardization in scientific English
as other types of MWEs and grammatical con-
structions do. Our idea is to analyse if the effects
of conventionalization of phrasal verbs can be ob-
served over time with three different approaches:
1) analysis of PVs temporal dynamics using rel-
ative entropy, 2) study of the predictability in the
context of the PVs particles using surprisal mea-
sure, and 3) examination of the paradigmatic vari-
ability of PVs using embeddings.

The remainder of the paper is organized as fol-
lows. In Section 2 we discuss related work on PVs
in scientific English. Sections 3 and 4 present our
methods and results, followed by a discussion of
the main findings in Section 5. We conclude with
a summary and outlook (Section 6).
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2 Related Work

As previously mentioned, PVs are known for be-
ing less common in scientific texts when compared
to other registers. (Biber et al., 2000) shows that
PVs are mostly used in speech and fiction. News
texts tend to use less than these two genres, but
academic prose is where PVs have the least over-
all frequency per million words.

Regarding diachronic analysis of PVs in scien-
tific English, Alves et al. (2024) showed that com-
pared to other types of MWEs, PVs are the only
ones presenting a decrease in its relative frequency
over time (mid-17th century to end of 20th cen-
tury). Moreover, PVs present a specific behaviour
regarding dispersion and association measures. In
terms of dispersion, most PVs are not homoge-
neously distributed over time, only very specific
ones commonly used in academic texts such as
carried out, pointed out, and depend on. Regard-
ing the association measures, as the verbs and par-
ticles are also found in other contexts, in most
cases, the values were quite low, except for spe-
cific cases where the verb is mostly used with its
particle (e.g., churned up, smoothes out, budded
off). Although the authors present a preliminary
diachronic analysis of the evolution of the associ-
ation measure, no conventionalization study was
presented.

The diachronic changes of the paradigmatic
variability of different parts-of-speech in scientific
English using word embedding space were anal-
ysed by Teich et al. (2021). Overall, there is a re-
duction of paradigmatic variability over time for
the different grammatical classes. However, PVs
were not analysed separately to see if their be-
haviour is similar or discrepant when compared to
other verbs.

Moreover, there are numerous corpus-based
studies of MWE:s in different registers, including
the scientific one (e.g. Biber and Barbieri (2007);
Hyland (2008); Liu (2012)). Some of these de-
scriptions include lists of MWESs used in academic
texts that are freely available as part of English for
Academic Purposes (EAP). However, since PVs
are not commonly used in scientific texts, they are
usually not considered in the analysis.

Regarding computational methods for identify-
ing PVs, the PARSEME initative! clearly identi-
fies PVs or verb-particle constructions (VPCs) as
one category of verbal MWEs. Multilingual cor-

'https://gitlab.com/parseme/corpora/-/wikis/home

pora annotated following PARSEME guidelines
are available, however, without any diachronic
data.

Finally, in terms of studies regarding the cog-
nitive processing of PVs, most studies concern
L2 learners and the difficulties of learning these
specific MWEs (cf. Alejo-Gonzalez (2010); Mo-
hammed (2019); Alisoy (2023). In their study,
Perdomo and Kaan (2023) looked at surprisal
measures to analyse the effects in priming of
phrasal verb construction alternations, comparing
native speakers and L2 learners, thus, focusing
on learning difficulties, not in conventionalization
processes as this paper.

3 Methods

3.1 Dataset

As our objective is to investigate the convention-
alization processes of PVs in the development of
English scientific writing, we used the Royal So-
ciety Corpus (RSC) 6.0, which is a diachronic cor-
pus of scientific English covering the period from
1665 until 1996.

It comprises 47,837 texts (295,895,749 tokens),
which are mainly scientific articles covering a
wide range of areas from mathematical, physi-
cal, and biological sciences, and is based on the
Philosophical Transactions and Proceedings of the
Royal Society of London (Fischer et al., 2020).

The RSC 6.0 was parsed using Stanza tool (Qi
et al., 2020) and the combined model for English,
provided by the developers, which was trained
with different Universal Dependencies2 (UD) cor-
pora. To extract the PVs from the RSC, we de-
veloped a Python script using pyconll library® to
identify and count the PVs* in the RSC texts per
year. A manual evaluation of 140 sentences (20
per 50-year period of the RSC) showed that the
accuracy of the Stanza parser is 90 regarding PVs.

3.2 Information Theory Measures

To analyse the diachronic phenomena regarding
PVs in Scientific English, we applied three dif-
ferent methods to measure the relative entropy
(Kullback-Leibler divergence), the surprisal of the
particles, and the paradigmatic variability. The

“https://universaldependencies.org/

3https://github.com/pyconll/pyconll

“Phrasal verbs are easily identified in texts parsed with
UD corpora as the dependency label of the PV particle is
compound:prt and its head is the verb.



workflow is schematized in Figure 4 and further
described in the following sub-sections.

3.2.1 Kullback-Leibler Divergence

To identify evolutionary trends in the use of
phrasal verbs (PVs) within the RSC, we applied
relative entropy, specifically the Kullback-Leibler
Divergence (KLD; Kullback and Leibler (1951)).
This method compares probability distributions by
measuring the additional bits required to encode
dataset A when using a (non-optimal) model based
on dataset B for a given set of elements X, as de-
scribed in Equation 1. In this study, A and B cor-
respond to sub-sets of the RSC (e.g. time slices)
and X, i.e. the ensemble of PVs.

(1) o

The KLD measure provides an indication of the
degree of divergence between corpora and identi-
fies the features that are primarily associated with
a difference. Possible discrepancies regarding the
vocabulary size of the subcorpora are controlled
by using Jelinek-Mercer smoothing and lambda
0.05 (cf. Zhai and Lafferty (2004) and Fankhauser
et al. (2014)).

To detect periods of change in the use of PVs
using KLD, we adopt the methodology described
in Degaetano-Ortlieb and Teich (2018)°. We com-
pare 20-year windows of past and present lan-
guage use sliding with a 5-year gap over the time-
line (e.g. t1=1665-1685, t2=1671-1691). Then, by
plotting the divergence for each comparison on the
timeline, we can inspect peaks or troughs which
indicate a change: a peak is an indication that the
divergence of the analysed feature increases, and
is thus fypical of the future 20 years in compari-
son to the past 20 years.

Due to the asymmetric characteristic of the
KLD, we are only interested in the direction
from subsequent periods to the preceding ones as
we aim to determine periodization from past to
present in the development of PVs usage in En-
glish scientific writing.

In this study, we examined the KLD at two dif-
ferent levels: a) all PVs combined, to verify if a
conventionalization process can be identified and
b) each PV individually, to identify individual di-
achronic phenomena.

A(z)

Drr(AlB) = 3 Alx)log ( 75

zeX

5Degaetano—Ortlieb and Teich (2018) make the code
available at: https://stefaniadegaetano.com/code/
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3.2.2 Surprisal

Surprisal is formalized as the negative log proba-
bility of a unit in context which results in bits of
information (Shannon, 1948), as defined in Equa-
tion 2.

Surprisal(unit;) = log,(unit;|Context) (2)

A decrease in the surprisal of a specific term
can indicate a conventionalization phenomenon as
showed by Degaetano-Ortlieb and Teich (2022)
regarding scientific English using a four-gram lan-
guage model. N-grams surprisal models have
limitations, thus, Steuer et al. (2024) propose a
transformer-based surprisal model trained with the
RSC corpus.

Our analysis concerns the diachronic changes of
the surprisal values of the PVs particles. Thus,
using the transformer-based model cited above
trained over the RSC divided into 10-year periods,
we extracted, per year of the RSC, the surprisal
values of the particles identified in the parsed ver-
sion of the dataset.

3.2.3 Paradigmatic Variability

To analyse diachronic changes in the paradigmatic
context of PVs, we apply a context-aware ver-
sion of entropy, paradigmatic variability, based on
word embeddings and the close neighbours of a
word in the vector space within a given radius (Te-
ich et al., 2021). As previously mentioned, a drop
in paradigmatic variability indicates a convention-
alization phenomenon.

Regarding the word embeddings model, we
used structured skip-grams (Ling et al., 2015) as
it presents the advantage of representing each po-
sition in the left and right context separately, not as
a mere bag of words as in simple skip-gram mod-
els.

The paradigmatic variability of a word over
time is calculated by comparing period-specific
word embedding models (i.e., per decade, from
the 1660s to the 1990s). We followed the same
procedure as presented in Teich et al. (2021), with
the initialisation of the first decade being done
with an atemporal embeddings model trained on
the complete corpus as proposed by Fankhauser
and Kupietz (2017). All following decades were
then initialised with the embeddings of the previ-
ous decade. In our study, as our objective is to
analyse PVs, the verbs and particles were joined
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Figure 1: Experimental workflow.

with | | in the generation of the embedding space,
thus allowing the differentiation between PVs and
the other verbs.

This choice concerning the initialization pro-
cess has the advantage of better representing low-
frequency words in the embedding space, avoiding
low-frequency words appearing in the centre of the
space in the first few periods, and reducing bias
regarding the movement in the embedding space
over time. The subsequent statistical analysis of
the vector space models only considers words with
a frequency higher than 50°.

Once the word embeddings for each decade are
obtained, the paradigmatic variability of a word
x, pvar(x), can be calculated as the entropy over
a probability distribution, which is based on the
probability p(x;|Cy) of a word x; from the neigh-
bourhood C,, being chosen instead of word .

This is calculated using both the cosine similar-
ity in the vector space between x; and x and the
frequency of x; (freq(z;)).

Thus:

puar(z) = H(P(|C.,))

>

cos(z;,x)>0

p(z:|Cz) log (p(xi|Cx))

3)

cos(x;, z) freq(z;)
ij cos(z;, ) freq(z;)

with p(z;|Cy) = 4)

The 6 threshold was set to 0.6 and we con-
sidered a maximum of 30 neighbours. Thus, a
5The other parameters used to generate the embeddings

were: type 3; size 100; negative 10; hs 0; sample le-4;
threads 4; binary 0; and iter 5.
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word with a homogeneous distribution of neigh-
bours has a high value of pvar(z).

4 Results
4.1 Kullback-Leibler Divergence

Figure 2 presents the relative entropy values (i.e.,
Kullback-Leibler divergence) of PVs in the RSC
corpus over time as described in Section 3.2.1.
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Figure 2: KLD measures for phrasal verbs in the
Royal Society Corpus.

It is possible to observe peaks and troughs
around the value of 0.4 from the seventeenth cen-
tury to the end of the nineteenth century. On the
other hand, at the beginning of the twentieth cen-
tury, we clearly see a declining tendency of KLD,
indicating, thus, a conventionalization in the us-
age of this feature, with a stabilization around 0.1
in the second half of this century.

To better understand the diachronic usage of
PVs in scientific English, we also looked at the
point-wise KLD, checking the relative entropy



shifts for each PV type. For each 20-year pe-
riod used for the KLLD calculation, we examined
the number of PVs with positive values of diver-
gence (i.e., PVs that became more typical), and
the number with negative KLD (i.e., PVs that be-
came less distinctive). Figure 3 shows the results
of this analysis.

40

Count

PO C B O R g i G e TR U U o N T O O Y

Figure 3: Number of phrasal verb types having
positive (blue) or negative (red) KLD values per
period of the RSC.

Besides the overall increasing trend in the num-
ber of PV types with positive KLD, it is possible
to notice periods with higher increase, probably
due to the specific textual needs of each period.
Moreover, we can observe that the number of PVs
with negative KLD also increases over time. Fur-
thermore, the periods with more PVs having nega-
tive values of KLD, usually succeed periods where
there is a peak in the number of PVs with positive
values.

The increase in the number of PVs with positive
KLD indicates a cyclical process of diversifica-
tion (i.e., linguistic items acquiring different, more
specific usages/meanings). Even though the over-
all relative frequency of PVs reduces over time,
more different types are being used in specific pe-
riods. However, due to peaks regarding PVs with
negative KLD, it seems that the usage of the new
types does not become conventionalized.

4.2 Surprisal

As described in Section 3.2.2, another way of
identifying possible conventionalization processes
is using surprisal measures. PVs being MWE:s, the
surprisal of the particle is expected to be lower
than the measure for the correspondent verbs. A
decrease in time of the mean surprisal value of the
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particles indicates a conventionalization regarding
the usage of these grammatical constructions.

Figure 4 presents the plot of the mean surprisal
values of the phrasal verbs present in the RSC per
year.
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Figure 4: Mean surprisal value of phrasal verbs
particles per year of the RSC.

Applying the Mann-Kendall trend test (Hus-
sain and Mahmud, 2019), we observe that there is
an overall statistically valid (i.e., a p-value below
0.00001) increasing tendency regarding the sur-
prisal values of the particles.

This result can be correlated with the KLD ob-
servations. We observe that the conventionaliza-
tion of the usage of PVs only happened in the
twentieth century, moreover, throughout the cen-
turies, we notice an increase in the usage of differ-
ent PV types. Moreover, as shown by Alves et al.
(2024), the relative frequency of PVs decreases
over time in the RSC. All these factors contribute
to an increase in the surprisal values.

In addition, it is also possible to notice that,
even though there is an overall increasing ten-
dency, there are periods with a decrease in the sur-
prisal values and others with a more accentuated
increase. When comparing Figures 3 and 4, we
observe that periods with a high increase in the
number of PV types (i.e., 1836-1856 and 1956-
1976) also correspond to periods of accentuated
increase regarding surprisal values.

Another factor that may influence the suprisal
value is the distance between the verb and the par-
ticle. In the RSC, we find examples such as:

1. It suggested that development could be bro-
ken down into series of gene controlled chem-
ical reactions. (d = 1, 1995)

2. ... which it gently touched with little or no
damage , blowing only off a few tiles. (d = 2,



1695)

3. ... but BICHAT was continually holding a
thing up by the wrongend ... (d = 3, 1823)
4. ... that his assistance should be sought to
bring the new edition up to the existing state
. (d=4,1908)
5. ... and as [ wrote many of the 336 them down

from his own dictation ... (d = 5, 1840)

Thus, we decided to conduct an analysis of the
diachronic evolution of the mean distance between
verbs and particles in the RSC. Figure 5 shows the
plot of the mean distance per 50-year period.
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Figure 5: Mean distance between verbs and parti-
cles per 50-year of the RSC.

A statistical analysis of these results showed
that p-value is below 0.001 for the following com-
parisons:

* 1701-1750 and 1751-1800
* 1751-1800 and 1801-1850

* 1901-1950 and 1951-2000

Thus, it is possible to notice a clear decrease in
the mean value from the eighteenth century to the
mid-nineteenth century, followed by a stabiliza-
tion until the mid-twentieth century when a new
increase is observed. The decreasing period re-
garding the mean distance between verbs and par-
ticles corresponds to a period with also a decrease
in surprisal values (4). Moreover, the peak of sur-
prisal (around 1970) is observed when there is also
an increase in the mean distance.
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4.2.1 Paradigmatic Variability

As previously explained in Section 3.2.3, us-
ing word embedding spaces, we calculated the
paradigmatic variability of PVs per decade of the
RSC. Figure 6 shows the results and the compari-
son with the variability of other verbs and all parts-
of-speech in the dataset.

As shown by Teich et al. (2021), the paradig-
matic variability of all words (i.e., all parts-of-
speech) decreases over time as a general trend.
This is due to two main mechanisms: convention-
alization — a word becoming the dominant choice
within its neighbourhood by frequency, possibly
replacing other, alternative words — and diversifi-
cation, i.e., words within a neighbourhood becom-
ing more distant, leading to a split into two or more
neighbourhoods.

Regarding non-phrasal verbs, they begin with
a slightly higher paradigmatic variability than all
POS, but end up with a tendency of lower variabil-
ity. On the other hand, PVs start out with similar
values as other verbs, but the paradigmatic vari-
ability decrease is much more accentuated, espe-
cially in the twentieth century, where the KLD
measures already showed signs of conventional-
ization, as shown in Figure 2, and diversification
(Figure 3).

Thus, it is possible to assume that the PVs
have overcome a more accentuated process of con-
ventionalization and diversification over time than
other types of verbs in scientific English.

5 Discussion

In this study, our main objective was to analyse the
contribution of PVs regarding the conventionaliza-
tion processes happening in scientific English.

By analysing three different methods to mea-
sure linguistic shifts over time, we were able to
notice that, although PVs are less common in sci-
entific prose, they have undergone interesting di-
achronic phenomena.

Regarding the relative entropy measures (i.e.,
KLD), it was possible to notice that a conven-
tionalization process occurred only throughout the
twentieth century (Figure 2).

From the seventeenth to the twentieth century,
although some small peaks and troughs can be ob-
served, the KLD values did not change consider-
ably. This tendency is different from what was
observed by Degaetano-Ortlieb and Teich (2018)
who analysed the whole lexicon (i.e., lemmas). In
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their study, the decreasing tendency is relatively
constant throughout time.

Moreover, it was possible to verify that the con-
ventionalization process occurs in parallel with a
peak of diversification, as shown in Figure 3. This
diversification has an impact on the surprisal mea-
sures, increasing the surprisal of the particles.

Both conventionalization and diversification
processes are also confirmed with the paradig-
matic variability analysis (Figure 6). PVs undergo
a more accentuated decrease in their paradigmatic
variability over time when compared to other
verbs, principally during the twentieth century.

To better understand the peaks regarding the di-
versification of PVs, we analysed in detail the re-
sults of the KLD for each PV, per 20-year slice,
present in the RSC.

What is possible to observe is that, throughout
time, there are shifts regarding the PVs with peaks
of KLD, i.e., verbs becoming more distinctive of
specific periods.

Regarding the two main peaks of diversification
identified in Figure 3, around 1846 and 1971, we
can see that the PVs with the highest values of
KLD in these periods differ considerably.

* 1846: carry out, break up, filter off, bring out,
split up, build up, map out, sum up, spread
out, shut off.

* 1971: turn out, point out, rule out, end up,
make up, go on, open up, break down, take
on, bring together.
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A clear distinction can be made when analysing
these two periods. In the nineteenth century, most
PVs are linked to the description of experimental
design, while in the twentieth century, there is a
shift towards verbs focusing on the presentation of
results, i.e., on the outcome of the research.

In Figure 3, we showed that the diversification
is cyclic, new phrasal verbs are used in specific
periods due to particular textual needs and, then,
become less typical in future ones, however, in a
more conventionalized way throughout the twen-
tieth century.

Regarding the surprisal analysis, it is possible
to notice that the shifts in the surprisal of the par-
ticles are a complex phenomenon. It is influenced
not only by the peaks regarding the diversification
process, but also by the changes regarding the dis-
tance between the verb and the particle, and, by
the decrease regarding the relative frequency (i.e.,
with the verbs and particles appearing in more var-
ied contexts, not as phrasal verbs).

6 Conclusions and Future Work

In this paper, we presented a multifaceted ap-
proach to characterize diachronic shifts regarding
the usage of PVs in scientific English from the
mid-seventeenth century to the end of the twenti-
eth century by applying different information the-
ory methods to the Royal Society Corpus.

By measuring the Kullback-Leibler divergence,
we showed that the process of conventionalization



of PVs occurred mostly throughout the twentieth
century. Moreover, we observed that peaks of di-
versification (i.e., increase in the number of PV
types) happened in specific periods, followed by
periods with a high number of PVs becoming less
typical.

In terms of surprisal measure regarding the par-
ticles, we identified an overall tendency of in-
crease, however, it was also possible to notice pe-
riods of accentuated increase, and some periods
of decrease. These phenomena are probably cor-
related to the decrease regarding the relative fre-
quency, to the peaks of diversification, and, to the
distance between the verb and particles.

The analysis of the paradigmatic variability
showed that PVs have a more accentuated de-
crease over time when compared to other verbs.
This is probably due to the usage of PVs in specific
contexts, where they cannot be replaced by similar
terms. Moreover, the highest decrease regarding
this measure was observed during the twentieth
century, when a conventionalization phenomenon
was detected using KLD.

Our findings not only enhance understanding of
PVs in scientific English but also pave the way
for future linguistic research, particularly in lan-
guage evolution and specialized registers. In fu-
ture work, we intend to proceed with the analysis
by conducting a semantic analysis of the PVs with
peaks of divergence to better understand their us-
age throughout time. Moreover, as part of a larger
study, these results will be integrated with other
types of MWEs (e.g., compounds, fixed expres-
sions) to better understand the impact of the usage
of these formulaic expressions in scientific texts
throughout time.
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Abstract

We present results from using Probit mod-
els to classify and rank texts of varying
complexity from multiple sources. We
use multiple linguistic sources including
Swedish easy-to-read books and investi-
gate data augmentation and feature reg-
ularisation as optimisation methods for
text complexity assessment. Multi-Scale
and Single Scale Probit models are im-
plemented using different ratios of train-
ing data, and then compared. Overall, the
findings suggest that the Multi-Scale Pro-
bit model is an effective method for clas-
sifying text complexity and ranking new
texts and could be used to improve the
performance on small datasets as well as
normalise datasets labelled using different
scales.

1 Introduction

Measuring or estimating text complexity is essen-
tial in various fields, including readability research
and the adaptation and recommendation of texts
for different audiences. In this paper, text com-
plexity refers only to the linguistic characteristics
that affect how easy or difficult a text is to read,
without considering the interaction between the
text and any particular reader.

Any comprehensive evaluation of text complex-
ity must include three key components. First, lin-
guistic features must be quantified, such as calcu-
lating the average sentence length. Second, rel-
evant linguistic features need to be selected for
evaluation. Third, the impact of each linguistic
feature on text complexity must be assessed, for
example, determining whether longer sentences
increase or decrease complexity and to what ex-
tent. The distinction between effective and inef-
fective evaluations lies in the execution of these
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components. The selection of features and the
methods employed to measure them significantly
affect the quality of the evaluation (Bailin and
Grafstein, 2001).

Moreover, text complexity is not defined by a
single superficial quality; rather, it results from
an interplay of various features, each influencing
complexity in distinct ways (Santini and Jonsson,
2020). Understanding how and to what extent
each linguistic feature contributes to overall text
complexity poses an additional challenge. The ap-
proaches for identifying and selecting linguistic
features vary, ranging from employing theoretical
linguistic frameworks and reasoning about feature
impacts (Ellis, 2020) to training machine learn-
ing models on specific features and assessing their
performance (Falkenjack et al., 2013), or even em-
ploying a combination of these methods.

Another aspect of the assessment of text com-
plexity is the type of output that is produced. De-
pending on the purpose of the evaluation, the re-
sults may be in the shape of a single binary classi-
fication of “easy to read” or “not easy to read”.
This type of evaluation is traditionally realised
through simple linear functions, or more recently
using machine learning models like the Support
Vector Machine (SVM) that splits texts into two
classes (Benjamin, 2012). Another common eval-
uation method is to use one or a few linguistic
features in a simple equation (often referred to
as readability formulas) and computing a score to
measure the complexity (e.g. the Flesch Reading
Ease formula (Flesch, 1948)). These methods are
beneficial in several ways, but all share a common
downside. When using a few simple features or
classifying texts in a binary manner, much nuance
of text complexity is lost, and comparisons be-
tween texts are less informative (Bailin and Graf-
stein, 2001).

To solve these problems, we propose creating a
model that uses many complex linguistic features
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and classifies or ranks texts into non-binary lev-
els. This approach would, however, usually re-
quire data that are already labelled according to
class or rank. The more features used in the model
to increase the complexity of the evaluation, the
more data is required in each class or rank (Ben-
gio et al., 2000).

One method that has the potential to resolve
many of the issues mentioned above is the Multi-
Scale Probit model, proposed and first imple-
mented in Falkenjack (2018). The Probit model
is a well established statistical model, introduced
in the 1930s (Bliss, 1934b) and used primarily for
classification. It is closely related to the younger
but somewhat more well known Logit model, or
Logistic regression as it is often called in psycho-
metric contexts, but it has some properties which
make it especially suitable for Bayesian mod-
elling (McCulloch et al., 2000).

The Multi-Scale Probit model is a generalisa-
tion of the Bayesian Ordered Probit model and is
capable of training on data labelled into ordered
levels, such as how hard a text is to read, from
multiple text sources. These sources may use com-
pletely different scales, meaning that the levels
need not correspond in any sense between sources
apart from indicating text complexity. There is no
requirement for a minimum amount of texts per
level, which enables the use of data that would
have to be discarded in other approaches. The
key idea behind the model is the presence of a
latent variable that is shared among all labelling
schemes. In this context, that latent variable is
text complexity, with the assumption that the dif-
ferent labelling schemes used across different data
sources all represent measures of that latent vari-
able. Information about the latent variable is cap-
tured in the features, and the model learns how the
latent variable is affected by the features, making
it able to classify and even rank the text complex-
ity of new texts.

We explore how the Multi-Scale Probit model
performs when trained and evaluated on novel
data, consisting of easy-to-read literature for chil-
dren, teenagers, and adults'.

2 Text complexity analysis

Text complexity generally refers to characteristics
of a text that make it more or less cognitively en-
gaging during reading (Vega et al., 2013). Quan-

"https://www.nyponochviljaforlag.se/om-oss/

18

titative and qualitative assessments of text com-
plexity are of great value, as they can be used in
many fields such as education (e.g. determining
the appropriate material (Fitzgerald et al., 2015)
or automatic essay grading (Valenti et al., 2003)),
customisable text simplification (e.g. determining
which texts to simplify (Stajner et al., 2012)),
or customising texts based on cognitive require-
ments (e.g. for readers with dyslexia (Santini and
Jonsson, 2020)).

Pinpointing the properties of a text that tells us
about its complexity has been proven to be a diffi-
cult and confusing task. The factors that make up
the complexity of a text can themselves create a
hyperplane that spans across a highly multidimen-
sional space.

Classification is a simplified version of this with
the purpose of assigning texts into one or more
classes such as “easy to read”. Classification ap-
proaches consist of machine learning algorithms,
statistical methods, and other NLP techniques.

Such approaches need to be trained on differ-
ent text features or combinations of features and
then evaluated on their performance in classifying
texts accurately. As model performance becomes
an indirect measurement of the relevance of the
feature(s) to text complexity analysis, the features
used to train models with better performance are
chosen over the features of models with poorer
performance (Falkenjack, 2018). Another cate-
gory of classification algorithms is logistic regres-
sion and its variants. Compared to SVMs and sim-
ilar methods, cf. Schwarm and Ostendorf (2005);
Pitler and Nenkova (2008); Falkenjack (2018), the
binary outcome is modelled as a probability be-
tween 0 and 1. For instance, a book could be clas-
sified as “easy to read” with a probability of 0.6,
meaning that there is a 60% probability (accord-
ing to the model) that the book is “easy to read”.
A common approach for such probability estima-
tion is Logistic regression (Hosmer Jr et al., 2013),
or the Logit model, and in this paper we apply a
version of the closely related Probit model.

3 Text complexity features

The most commonly used method for the analysis
of text complexity is automatic evaluation using
quantifiable features of texts, which are then used
to compute one or more ratings of text complex-
ity. These features measure different aspects of the
text and can be categorised into four ordered levels



of increasing analytical depth, as outlined below.

Shallow features: The features in the first cate-
gory do not contain information about the content
of the text. They simply consist of letter and word
counts; very little or no knowledge of their mean-
ing is necessary to measure or understand shal-
low features. Nevertheless, they have been proven
to be useful for measuring text complexity and
are very simple to extract. The text is processed
through tokenisation to create tokens out of words
(and other components, e.g. delimiters). The to-
kens can be counted either as they are or by tally-
ing the characters they contain. Several traditional
metrics are based on one or more of these features
or variants thereof, cf. Flesch (1948); Bjornsson
(1968).

Lexical composition: The lexical composition
of a text targets frequencies of words based on the
lexical category they belong to. The categorisa-
tion process includes lemmatising all words using
a large vocabulary. For Swedish text, a vocabulary
called SweVoc was developed in 2012 for this pur-
pose by Miihlenbock and Kokkinakis (2012). In
SweVoc, each word is represented as a lemma with
some additional information depending on how it
is used, including which category (or categories)
it belongs to. In this research, the following cat-
egories will be used: SweVocD (words related
to every-day matters), SweVocH (high-frequency
words), and SweVocTotal (the total ratio of words
in the text that are part of SweVoc). Because
the SweVoc vocabulary is a subset of the Swedish
language which excludes some complex or spe-
cialised words, it could be assumed that easy-to-
read texts have a higher ratio of SweVoc words
than more complex texts.

Morpho-syntactic features: Morpho-syntactic
features include tagging words and tokens accord-
ing to their part-of-speech (POS). The POS tags
can then be used in a number of text features. In
this research, UnigramPOS features will be used.
The UnigramPOS features are the probabilities of
a unigram occurring in a text, expressed as the ra-
tio of each POS tag per token. Calculating the un-
igram probabilities of a text is a type of language
modelling that can be effective in measuring the
readability of a text (Heilman et al., 2007).

Syntactic features: Although unigram lan-
guage models are effective in capturing content in-
formation and variations in word usage, they lack
the ability to capture syntactic information. The
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analysis of syntactic complexity requires parsing
of the text, which involves mapping words and
phrases and their dependencies based on grammat-
ical structures of a sentence. For this research,
the syntactic text features consist of a subset of
features extracted through dependency parsing on
each sentence. These features are: UnigramDep
(probabilities for each dependency relation type),
RightDep (ratio of total dependencies where the
headword occurs after the dependent word), UVA
(unigram probabilities for verbs with a specific
number of dependants), and Lexical density (ratio
of content words).

4 Text complexity as a latent variable

A key idea behind the use of statistical models for
text complexity assessment is the assumption of
a latent variable. As established, text complexity
cannot be measured directly. Instead, it is esti-
mated using one or more linguistic features. Fur-
thermore, text complexity is assessed and labelled
in various ways. For example, texts may be la-
belled as “easy to read” (with the implication that
regular texts are less “easy to read”), rated on a
scale of 1 to 7, or categorised into age groups,
among other methods. Although texts from differ-
ent sources may use varying labels and methods
to measure readability, we assume that they share
the underlying latent variable of text complexity.
In other words, variations in text complexity may
be expressed differently, but the concept is consis-
tently modelled across all sources. If data can be
processed appropriately, it enables the latent vari-
able to be statistically modelled and subsequently
used to classify or rank texts.

4.1 The Probit model

The Multi-Scale Probit model we use is a gener-
alisation of the Ordered Probit model which itself
is a generalisation of the Probit model. The Pro-
bit model can be viewed as a linear binary classi-
fier. It can also be considered a Generalized Lin-
ear Model with the inverse of the cumulative dis-
tribution function (CDF) of the Standard Normal
distribution, the Probit function (Bliss, 1934a), as
link function. In essence, the Probit model takes
a vector of covariates x; of the ith observation and
uses it to predict the outcome, or label, y;. It does
so by estimating a coefficient vector 3 that repre-
sents the effects of x; on the value of y;. In simple
terms, the model can be expressed as “what is the



probability that y; is 1, given the information in
x;7”. Mathematically, the Probit model can be ex-
pressed as

Py = 1x;) = ®(a + % B), (1)

where @ is the CDF of the Standard Normal dis-
tribution and « is the intercept, defined as a con-
stant value that represents the baseline probability
of y; being 1 even if all covariates are 0.

In the context of text complexity, x; would con-
sist of measurements of linguistic features and y;
would represent a certain label, for example “easy
to read”. Furthermore, the Probit model can gen-
erally be conceptualised as a latent variable model,
the latent variable y* in our application being text
complexity. By setting a threshold v = —« and
denoting the two binary outcomes as 1 and 2, the
Probit model can instead be expressed as

yi=xB+e

Yi = {
(2)

where y; represents the value of the latent vari-
able and ¢; is the error term for the ith observation.
Under this interpretation, we can view the Probit
model as a linear regression over an unobserved,
or latent, real-valued variable which underlies the
assigned labels in the classification problem. If
class 1 represents “easy to read” and class 2 'not
easy to read’, this can be expressed as “’if the com-
plexity of a text is above a certain threshold, it
should be classified as 'not easy to read’, other-
wise it should be classified as ’easy to read’”.

This latent variable formulation can be gener-
alised to the case of an ordinal response variable
with possible outcomes C'...Cy, by introducing
further thresholds 71 ...7,,—1 giving rise to the Or-
dered Probit model:

2
1 otherwise

ity > where

Cl if y;k < 1,
Cy if v <yj <72,

Yi = 3)

Cm if Y7 > Ym—1

where y; is the same as in Equation 2.

The latent variable interpretation of Probit mod-
els lends itself especially well to a Bayesian ap-
proach. Essentially, a Bayesian approach entails
declaring a prior belief, which is then updated us-
ing Bayes Theorem as new evidence is gathered,
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generating a posterior belief based on that evi-
dence. These beliefs are commonly referred to as
simply the prior and the posterior. Bayes’ theorem
can be applied for inference of the posterior prob-
ability distribution of the coefficients vector 3 and
thresholds ~ according to the following formula-
tion

P(B,v|y,X) o< P(y|B,7,X)P(8,7), 4

where X = (x1,....%)0, y = (W1, -, 9n) 7,
P(B),~ is the prior and P(y | 8,X) is the like-
lihood function. Although this posterior distri-
bution is mathematically intractable, the Markov
Chain Monte Carlo (MCMC) simulation can be
used to estimate the posterior. Gibbs samplers for
both the binary (Albert and Chib, 1993) and ordi-
nal (Cowles, 1996) versions are well established.

The goal of the sampling process for the for-
mulation in Equation 4 is to approximate the joint
posterior distribution of 3 by estimating marginal
distributions of individual variables.

4.2 The Multi-Scale Probit model

The formulation for the Probit model as a model
for the latent variable in Equation 3 can be ex-
tended further to fit binary and non-binary data
labelled on different scales. Let us take a practi-
cal example to demonstrate these characteristics.
Say we have books sourced from two publishers,
A and B. Publisher A labels its books on a scale
from ’easy’, 'medium’ to "hard’ based on readabil-
ity. Publisher B labels its books on a scale from
1 to 5, also based on readability. The publishers
use unknown and possibly different methods for
measuring readability, the difference in complex-
ity between each level within either scale is un-
known, and there is no known function translating
between the scales. The only assumption we make
is that the labels are ordered and that they consti-
tute measures of the same phenomenon, i.e. text
complexity. The Multi-Scale Probit model uses
one set of thresholds to discriminate between lev-
els for each scale such that v*) is the set of thresh-
olds for scale s. Using our example, the two sets
would be v = {f}/(AEHS}')’Py(Amedium)’f-y(Ahard)} and
~B) = {7(31)77(32)’7(3.3)7fy(34)’ 7(35)}‘ Further-
more, the model fits a single latent variable y* to
all data, meaning that only a single coefficient vec-
tor 3 is estimated. The Multi-Scale Probit model



can therefore be expressed as

Cy ity <y <457,

Yi = )
Ci) it <y
for observation i = 1,...,n, where y; is the

same as in Equations 2 and 3, the response label
y; is measured on scale s;, and C’fsi) .. (Cﬁf") de-
notes the labels for scale s;. The complete pos-
terior distribution of the joint is estimated using
a variation of the Gibbs sampling algorithm pro-
posed by Cowles (1996) for the Ordinal Probit
model. The conditional posteriors for all sets of
7). B and the latent variable y* can be sam-
pled through the process described above. The la-
tent variable estimated by the Multi-Scale Probit
model can be used to order data samples, enabling
total ranking of all data samples. Essentially, the
Multi-Scale Probit allows us to, from some num-
ber of disjunct and partially ordered sets, estimate
a total order on the union of all sets.

The applicability of the Multi-Scale Probit to
our domain has previously been investigated in
Falkenjack et al. (2018).

4.3 Measures for evaluation

Because the Multi-Scale Probit model can be used
for both classification and ranking, we want to
evaluate it using appropriate measures for each
purpose.

As the data we use are not balanced, i.e. there is
not a consistent number of observations per class,
straight accuracy would not be a suitable metric
if we consider the performance as equally impor-
tant for all classes. In such cases, it is common to
use the macro-averaged Fi-score (Murphy, 2012,
p- 185). The Fi-score of a single class is the har-
monic mean of the precision and the recall for that
class. The macro-averaged F'-score is the average
of the F-scores for all classes. This value can be
used as an overall measurement of how well the
model performs in regards to classification.

The Multi-Scale Probit estimates a numeric la-
tent variable and can thus be viewed as a model for
ranking in addition to classification. We evaluate
this performance by computing the Kendall rank
correlation coefficient, 7, between the estimated
latent variable and the known observed variable.
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Kendall’s 7 assesses the ordinal association be-
tween two variables and gives a score between -
1 and 1 depending on the correlation. Since the
observed variable is an ordinal class, giving rise
to a large number of ties, we use a modified ver-
sion called Kendall’s 75 specifically made to han-
dle such situations (Kendall, 1945).

Just as the F-measure uses the harmonic mean
between Precision and Recall, we can combine
the classification performance £ and ranking per-
formance Kendall’s 75 using the harmonic mean.
We use this as a combined performance metric for
both classification and ranking in our figures in
Section 7.

5 Data

The majority of data used in this research con-
sisted of books from a corpus called Nypon-Vilja,
consisting of books from Nypon och Vilja, the
largest Swedish publisher of easy-to-read litera-
ture for children, teenagers, and adults. Swedish
easy-to-read literature is catered to people with
reading difficulties, beginner readers, or non-
native readers learning Swedish.

Books from Nypon and Vilja are (generally)
aimed at two different target groups; Nypon at
"children and young’ and Vilja at "young adults
and adults’. The publisher uses separate scales
(with their own naming schemes), each consisting
of 6 levels, to indicate how easy or difficult a book
is, where the first level (1 and X-Small) is the eas-
iest and the last level (6 and XX-Large) the most
difficult.

Before processing, all books were manually an-
notated based on their alignment with one of two
narrativity dimensions: informational and narra-
tive (McNamara, 2013). Informational text tends
to be non-fictional, written to inform about or ex-
plain a specific topic. Narrative text on the other
hand is typically fictional and story-driven. In or-
der to minimise the effects of variations in lan-
guage use that affect text complexity between di-
mensions of narrativity, only books classified as
narrative are used. Finally, as level 6 from Nypon
contained only 2 books, they were merged with the
books in level 5. This resulted in a dataset of 356
books with 5 levels in Nypon and 6 levels in Vilja,
summarised in Table 1.

The Stockholm-Umea Corpus (Ejerhed et al.,
2006) (SUC) is a large collection of annotated
Swedish texts written in the 90’s. It contains



Nypon Vilja
Level N samples Level N samples
1 48 X-Small 4
2 59 Small 14
3 68 Medium 20
4 46 Large 42
5 13 X-Large 38
XX-Large 4
Sum 234 122

Table 1: Number of data samples from each level.

texts in 10 categories including newspaper re-
portage, popular lore, and imaginative prose, writ-
ten for different audiences and with varying writ-
ing styles. The annotations contain information
about linguistic, structural, and functional infor-
mation. In this research, we used a free-for-
use bag-of-sentences version (SUCX 3.0) publicly
available from Sprdkbanken®. Thus, no text fea-
tures dependent on sentence order are included in
our analysis. Furthermore, in order to minimise
the effects of variations in language use that af-
fect text complexity between genres (Stajner etal.,
2012; Hiebert, 2012; Dell’Orletta et al., 2014),
only texts from the category ’imaginative prose’
were extracted, giving a total of 127 texts from
SUC. This category was assumed to contain texts
in a style the most similar to those extracted from
Nypon och Vilja, being non-informational. The
purpose of using SUC is to obtain a composition of
data at a level of text complexity above all books
from Nypon och Vilja. This is a key assumption
and is based on the rationale that texts from SUC
are written for typical adult readers and not with
the express purpose of being especially easy to
read, meaning text complexity can be assumed to
be higher compared to the books from Nypon och
Vilja.

To extract all necessary linguistic features, all
texts were processed using the StilLett API Ser-
vice (SAPIS) (Fahlborg and Rennes, 2016). The
API service allows for the tokenization, lemma-
tisation, part-of-speech tagging, and dependency
parsing of any text input. It also allows for text
complexity analysis through the SCREAM mod-
ule (Falkenjack et al., 2013) which computes re-
lated metrics.

*https://spraakbanken.gu.se/
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6 Model implementation and evaluation

The Multi-Scale model was implemented using a
modified version of the framework developed by
Falkenjack (2018) and executed using R (version
3.6.3) with RStudio (RStudio Team, 2022). The
model uses a set of covariates as input. These co-
variates are the values of metrics extracted through
the data processing step resulting in a total of 47
features, c.f. (Falkenjack, 2018)

Data containing values for all covariates in the
feature set were split into 5 classes for the Nypon
scale and 6 classes for the Vilja scale ordered ac-
cording to their levels. The data were then first
split into training and test sets 500 times, using
different ratios for training and test data, creating
500 models. The training data were used to esti-
mate the full joint posterior distribution described
in Section 4.2 through sampling according to the
scheme described in Falkenjack (2018). This step
was completed to evaluate the performance of the
models. Then, instead of splitting the data into
training and test sets, all data were used to run 20
chains of the Gibbs sampler resulting in a com-
bined set of samples of a full posterior distribution
of the entire dataset. The number of chains was
based on the number of CPU cores available, us-
ing one core per chain to speed up the sampling
process.

Furthermore, the Multi-Scale model by defini-
tion uses multiple scales, meaning the posterior
distribution is sampled using data from both Ny-
pon and Vilja. However, since the Multi-Scale
Probit is a generalised version of an Ordered Pro-
bit model, which uses only one scale, its perfor-
mance on either scale can be compared with a tra-
ditional Ordered Probit sampled using data from
only that dataset. Such models used the same im-
plementation as the Multi-Scale model, but using
one scale at a time. These models will be referred
to as Single Scale models.

After completing the sampling processes, parts
of the resulting posterior distributions were visu-
alised. The posterior was also used for classifica-
tion and ranking, where the performance was eval-
uated by computing values for several evaluation
metrics. For all evaluation metrics above, a higher
positive value indicates better performance. For
visualisation purposes and to enable easier com-
parison between model distributions, mode val-
ues are also plotted. The mode corresponds to the
point with the highest probability density of a dis-


https://spraakbanken.gu.se/

tribution, i.e. equivalent to the value that appears
most frequently in a discrete probability distribu-
tion.

7 Model performance

The data was randomly separated into 500 dif-
ferent permutations of training and test data, and
models were trained and evaluated for each such
permutation. To assess whether one model gen-
erally outperforms the other we compute the dif-
ference between the posterior mean performance
(Fy-scores and Kendall’s Tp correlations, respec-
tively, as well as the harmonic mean of them) be-
tween the models for each permutation. Finally,
to further examine how well the models perform
given varying amounts of training data, two differ-
ent split ratios were used: 2/3 training and 1/3 test
data, and vice versa.

With 2/3 of the data used for training, the mean
posterior modes of the performance metrics F}
and Kendall’s T can be seen in Table 2.

F1(M) Fl(S) 7_gM) 7_éS)
Nypon 035 035 045 045
Vila 027 04 025 027

Table 2: Model performance using 2/3 of the data
for training.

We can see that the choice of model makes lit-
tle difference to the performance on the Nypon
dataset but has a noticeable impact for the Vilja
dataset.

Direct comparison of the models is done by
computing the difference of the posterior mean F}
and Kendall’s T for each model over the 500 data
permutations. This shows that the Multi-Scale
model outperforms the Single Scale model with
respect to the Fi-score 54.4% of the time on the
Nypon dataset and 73.4% of the time on the Vilja
dataset. The same comparison of Kendall’s Tp
show that the Multi-Scale model is better 62% of
the time on the Nypon dataset and 89.2% of the
time on the Vilja dataset. Figure 1 plots the distri-
bution of differences in the harmonic mean of F}-
score and Kendall’s T between the models over
all 500 data permutations, showing that the Multi-
Scale model is better in 58.4% and 85.4% of cases
for Nypon and Vilja respectively when both perfor-
mance metrics are considered.

When the ratio of training to test data is re-
versed (i.e. 1/3 of the data used for training, the
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Single Scale (41.6 %)
Multi-Scale (58.4 %)

-0.10 -0.05 0.00 0.05 0.10
Nypon
ingle Scale (14.6 %)
[ IMuti-Scale (85.4 %)
0.4 -0.2 0.0 0.2 0.4
Vilja

Figure 1: The posterior distribution for the differ-
ence in posterior harmonic mean of Fi-score and
Kendall’s T between the Multi-Scale and Single
Scale models. (2/3 of the data used for training.)

rest for testing), we see similar differences in over-
all performance on the Vilja dataset but now, the
the difference in overall performance on the Nypon
also shows a marked difference. Figure 2 illus-
trates this for the harmonic mean of F}-score and
Kendall’s Tp. However, as expected, the perfor-
mance of both models is slightly lower with mean
posterior modes, as seen in Table 3.

Fl(M) Fl(S) 7_}E%)M) T(BS)
Nypon 03 029 033 03
Vijla 025 024 03 024

Table 3: Model performance using 1/3 of the data
for training.

This implies that the Multi-Scale model is espe-
cially useful when the availability of training data
is limited.

Meanwhile, Figure 2 shows that the Multi-Scale
model is better in 78.6% and 84.2% of cases for
Nypon and Vilja respectively when both perfor-
mance metrics are considered.

To summarise, the results show that the Multi-
Scale model generally outperforms the Single
Scale model on both datasets, particularly on the
Vilja texts. Furthermore, this performance differ-
ence was greater when using a data split of 1/3
training data and 2/3 test data compared to a 2/3
training and 1/3 test data split. This implies that
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Figure 2: The posterior distribution for the differ-
ence in posterior harmonic mean of F-score and
Kendall’s Tp between the Multi-Scale and Single
Scale models. (1/3 of the data used for training.)

the relative improvement of the Multi-Scale Pro-
bit over the single scale Ordered Probit decreases
with the size of the dataset available for training
a single scale model. In other words, the Multi-
Scale Probit model is especially useful in contexts
with sparse and diverse data for training.

7.1 Results of data augmentation

Augmenting both scales with the SUC corpus
added an additional level to both scales above the
other levels. The results of models using 500 aug-
mented data sets with a data ratio of 2/3 training
and 1/3 testing show that the modes of the pos-
terior Fy-score and Kendall’s T show a marked
improvement with an augmented dataset as shown
in Table 4.

FOD g 00 (5)

B
Nypon 047 047 071 0.71
Vilja 0.4 032 0.7 0.6

Table 4: Model performance using 2/3 of the aug-
mented data for training.

Figure 3 shows that when considering both Fi-
score and Kendall’s g the Multi-Scale model out-
performs the Single Scale model most of the time
for both datasets.

Using 1/3 of the data for training and 2/3 for
testing, as shown in Table 5, reinforces what we
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Single Scale (45.2 %)
[ IMulti-Scale (54.8 %)

).08 -0.04 0.00 0.04 0.C
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Vilja

Figure 3: The posterior distribution for the differ-
ence in posterior harmonic mean of Fi-score and
Kendall’s T between the Multi-Scale and Single
Scale models. (2/3 of the augmented data used for
training.)

saw with the original data and with the 2/3 train-
ing ratio with augmented data. There is only a
small improvement on the larger Nypon dataset
but a more noticeable improvement on the smaller
Vilja dataset.

Fl(M) Fl(S) 7_éM) 7_j(BS)
Nypon 04 039 0.68 0.67
Vija 035 033 0.68 0.56

Table 5: Model performance using 1/3 of the aug-
mented data for training.

Figure 4 again shows the Multi-Scale model
outperforming the Single Scale model most of the
time for both datasets.

The results show that, just as in the previous
section, the Multi-Scale model generally outper-
forms the Single Scale model, particularly when
tested on the smaller Vilja dataset, and that this
improvement is greater when reducing the ratio of
training data.

7.2 Results of regularisation

The regularisation process consisted of inspecting
the marginal posteriors for each of the original 47
features, removing features with a positive or neg-
ative influence certainty % below specific thresh-
olds (25%, 50% and 75%), and then resampling
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Figure 4: The posterior distribution for the differ-
ence in posterior harmonic mean of F-score and
Kendall’s Tp between the Multi-Scale and Single
Scale models. (1/3 of the augmented data used for
training.)

the posterior distributions with each of the three
reduced feature sets. The purpose of the regulari-
sation process was to examine whether the change
of feature set affects the predictive capabilities of
the models.

Using 500 data sets with a ratio of 2/3 train-
ing data and 1/3 testing data, the modes of the
posterior distribution of the harmonic mean align
nearly perfectly for both models across all three
feature sets when tested on the Nypon scale. On
the Vilja scale, the Multi-Scale model slightly out-
performs the Single Scale model across all feature
sets. Furthermore, the modes for both models in-
crease slightly between the first and second feature
sets when tested on both scales. On the Nypon
scale, there is an increase between the second and
third feature sets, but no noticeable increase when
tested on the Vilja scale.

The training/test split was again reversed (1/3
training, 2/3 test) on 500 reduced feature sets of
data. The performance results of the models show
that the modes of the posterior distribution of
the harmonic mean are marginally higher for the
Multi-Scale model compared to the Single Scale
model across all feature sets when tested on the
Nypon scale. On the Vilja scale, the difference in
modes between the two models is greater, approxi-
mately 0.1 higher for the Multi-Scale model across
all feature sets. Furthermore, the modes for both
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models increase slightly between the first and sec-
ond feature set when tested on both scales, and a
larger increase between the second and final fea-
ture set when tested on the Nypon scale, but not
the Vilja scale.

8 Conclusion

The purpose of this research was to utilise the
Multi-Scale Probit model in order to enable a stan-
dardised ranking and classification of text com-
plexity, while also exploring how the model can
be optimised. The assessment of text complexity
can be used for a wide range of purposes, making
its development pivotal in the field of natural lan-
guage processing. The results from applying the
Multi-Scale Probit on easy-to-read Swedish books
have indicated that the model outperforms the Sin-
gle Scale model in nearly all cases of classification
and ranking, measured by F}-scores and Kendall
Tp correlations. Furthermore, the results accen-
tuate how the output from the Multi-Scale Probit
model can be used in a simple manner to clas-
sify and rank new texts in the same domain, or
adapted to other domains by creating new mod-
els. Through data augmentation and feature reg-
ularisation, the model can be optimised in terms
of computational complexity and performance in
specific contexts. The ability of the Multi-Scale
Probit model to utilise data from different sources,
without the necessity of large data quantities per
category, enables assessments of text complexity
that have previously not been possible. This re-
search has contributed to the goal of developing
methods for classifying and ranking text complex-
ity, with the broader aim of creating a more acces-
sible society for readers with varying needs.
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Abstract

We present the Icelandic Standardization
Benchmark Set: Spelling and Punctuation
(IceStaBS:SP), a dataset designed to pro-
vide standardized text examples for Ice-
landic orthography. The dataset includes
non-standard orthography examples and
their standardized counterparts, along with
detailed explanations based on the official
Icelandic spelling rules. IceStaBS:SP aims
to support the development and evaluation
of automatic spell and grammar checkers,
particularly in an educational setting. We
evaluate various spell and grammar check-
ers using IceStaBS:SP, demonstrating its
utility as a benchmarking tool and high-
lighting areas for future improvement.

1 Introduction

Digital language infrastructure, not least for spell
and grammar checking, is a productive and grow-
ing field within Icelandic Language Technology.
Although various datasets have been produced,
which in turn have been used to develop and im-
prove spell and grammar checking software, there
is a lack of datasets which provide a 1:1 mapping
between spelling errors and formalized rules re-
garding standard orthography (spelling rules).

In this paper, we present the Icelandic Stan-
dardization Benchmark Set: Spelling and Punc-
tuation (IceStaBS:SP, Armannsson et al. 2024), a
dataset of examples of text standardization along
with thorough explanations of how and why text
has been altered. The dataset is based on the of-
ficial spelling rules for Icelandic.! Our goal is to
provide a standardized benchmark for evaluating
the performance of spell and grammar checkers,
thereby contributing to the improvement of digital
language tools for Icelandic.

"https://ritreglur.arnastofnun.is/
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The paper is structured as follows: Section 2
provides an overview of related work in the field
of Icelandic spell and grammar checking, most im-
portantly existing datasets. Section 3 describes
the structure of the IceStaBS:SP dataset and the
methodology behind it. Section 4 outlines the
evaluation experiment we performed to gauge the
efficacy of the dataset as a benchmarking tool for
orthography. Section 5 presents the results of the
evaluation, Section 6 discusses the limitations of
our approach and Section 7 concludes the paper
with a discussion of the implications of our find-
ings and suggestions for future work.

2 Related Work

The most comprehensive single dataset in the field
of spell and grammar checking for Icelandic is
the Icelandic Error Corpus (IEC, Arnardéttir et al.
2021) and its subsidiary corpus for errors made
by L2 speakers (Glisi¢ and Ingason, 2021). It
uses a fine-grained error categorization system and
has been used for training and evaluating spell
and grammar checkers, specifically the rule-based
GreynirCorrect (Oladéttir et al., 2022).

The Grammatical Error Correction Test Set
(GECTS, Arnardéttir et al. 2024b), a hand-
annotated dataset of Icelandic text with various
spelling and grammatical errors, is annotated on
the document level as opposed to the IEC, where
each individual error is annotated. This, along
with a more general error categorization sys-
tem, makes it more suitable for evaluating recent
sequence-to-sequence error correction models by
testing the models’ context awareness on larger
texts.

3 Suggesting Standardized Orthography

We present the Icelandic Standardization Bench-
mark Set: Spelling and Punctuation (IceStaBS:-
SP), a dataset of text examples containing non-
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standard orthography and their standardized coun-
terparts. Each item in our set corresponds to an
entry in the official spelling rules for Icelandic,
published by the Icelandic Language Council and
applied in Icelandic schools. Each item contains
three examples of standardized text, along with
thorough explanations of how and why each text
has been altered. The dataset is meant to serve as
a key component in the development of automatic
spell checking in an educational setting, providing
handcrafted explanations which can be expanded
or used for instruction tuning.

Both the text examples showing non-standard
orthography and the additional explanations are
constructed and reviewed by the authors of this
paper, all of whom have a background in Ice-
landic linguistics and one of whom is one of the
authors of the most recent version of the offi-
cial spelling rules. The text examples each show
exactly one non-standard text feature in order to
clearly demonstrate the applicable standardization
and in order to check whether that feature has
been correctly captured by a spell-checking sys-
tem. Depending on the orthographic issue being
demonstrated, the text examples range from very
short and simple sentences to short paragraphs,
e.g. to display the prescribed use of punctuation
between whole sentences. They are mostly syn-
thetic (and partly based on the examples included
in the publication of the spelling rules themselves)
but where possible, we have extracted real-world
examples from the IEC using the error codes in
that corpus. This authentic approach was, how-
ever, limited by the need to include only one ex-
ample of non-standard orthography in each exam-
ple, so some of those examples have been slightly
altered.

The official spelling rules consist of 33 main
chapters and numerous subchapters. Some sub-
chapters, as well as all of chapters 30 and 33,
are ignored in our set as they are not applicable
in the context of automatic correction of spelling
and grammar (e.g. some contain only general dis-
cussion of phenomena, rather than concrete exam-
ples). In other cases, subchapters had to be split
into further subsections for our purposes as they
dealt with multiple distinct features. These are
marked with “(a)”, “(b)”, etc. in IceStaBS:SP. In
this way, we define a total of 247 rules over 31
chapters.

For each of these 247 rules, our dataset contains
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an entry labeled with a distinct number and con-
sisting of the following parts:

* Short suggestion: A suggested format for
displaying a correction made by a spell-
checker, containing a brief summary of the
applicable spelling rule.

Long suggestion: A more detailed descrip-
tion of the applicable rule, complete with a
URL to the relevant chapter of the official
spelling rules (in a few cases, links to mul-
tiple rules are included).

Examples: Three examples of a short text
containing the relevant issue, which show a
potential correction in a hypothetical spell-
correction interface according to the ‘short
suggestion’ format. The proposed changes
are shown both in isolation and in the context
of the whole text.”

Error Code: The relevant error code in the
IEC.

URL: The URL of the relevant section of the
official spelling rules.

To illustrate how this information is structured
in the IceStaBS:SP dataset, the entry for rule 1.2.1
(a) is shown in Figure 1.

The aim of the suggestions and explanations in
our set is to provide further assistance to potential
future users of an automatic spellchecker, not least
young people and second language learners of Ice-
landic. Therefore, we try to keep our explanations
accessible to the average speaker, with as little lin-
guistic terminology as possible (especially in the
short suggestions).

To as great an extent as possible, we also try
to include helpful generalizations in the short sug-
gestion format as opposed to only word-specific
corrections. An example would be <villa> d lik-
lega ad vera med storum staf, <leidrétt>, par sem
pad er ornefni ‘<error> should likely be written
with a capital initial letter, <correction>, as it is
a place name’, rather than simply ‘<error> should
likely be written with a capital initial letter’. This
is sometimes made difficult, however, by rules that
can apply to many different scenarios or are sim-
ply too complex to sum up in one short sentence.

’In a few cases, these entries will be identical. This is
mostly in the case of punctuation, e.g. where rules on appro-

priate marking of a subclause need to take into account the
whole sentence.



"1.2.1 (a)": {
"short_suggestion":
4 eftir punkti.",
"long_suggestion":
4 eftir punkti.
Sj& ritreglu 1.2.1
"examples": {
mpm. g
"original_sentence":
"standardized_sentence":
"suggestion":
4 eftir punkti.",
"original_part": "pau",
"standardized_part": "Pau"

"2"s |
"original_sentence":
"standardized_sentence":
"suggestion":

4 eftir punkti."
"original_part": "vinnan",
"standardized_part": "Vinnan"

w3e.
"original_sentence":

"standardized_sentence":

"<villa> & liklega ad vera med stdérum staf,

"Afi og amma @tla ad koma i heimsdkn.
"Afi og amma @tla ad koma i heimsdkn.
"<pau> & liklega ad vera med stérum staf,

"Radgert er ad nytt hus risi i vor.
"R&3gert er ad nytt his risi i vor. Vinnan vid pad er pd ekki hafin.",
"<vinnan> & liklega ad vera med stérum staf,

’

<leidrétt>, par sem bad kemur

"Stér stafur er alltaf ritadur i upphafi mals og i nyrri malsgrein

(https://ritreglur.arnastofnun.is/#1.2.1).",

bau koma bradum.",
Pau koma bradum.",

<Pau>, pbar sem pad kemur

vinnan vid pad er pd ekki hafin.",

<Vinnan>, bar sem pbad kemur

"Margt skiptir m&li pegar skaldsdgur eru skrifadar. mdlfar er t.d.
mikilvegur pattur."
"Margt skiptir m&li pegar sk&ldsdgur eru skrifadar. Malfar er t.d.

mikilvegur pattur.",

"suggestion":
4 eftir punkti.",
"original_part": "malfar",
"standardized_part": "Malfar"
}
by
"error_code": "lower4upper-initial",
"ritreglur_url":

"<mdlfar> & liklega ad vera med stédrum staf,

"https://ritreglur.arnastofnun.is/#/1.2.1

<M&lfar>, par sem pad kemur

(ay"

Figure 1: JSON structure of the IceStaBS:SP dataset, showing the entry for rule 1.2.1 (a), which deals
with capitalization after a full stop. The text in the ‘short suggestion’ slot says: ‘<error> should probably
be capitalized, <correction>, as it follows a full stop.” The text in the ‘long suggestion’ slot says: ‘A
capital letter is always used at the start of a text and the beginning of a new sentence following a full
stop. See spelling rule 1.2.1 [...].” Examples 1-3 then show text in Icelandic where the start of a sentence
has not been capitalized, with suggested corrections in the ‘suggestion’ slot presented according to the

‘short suggestion” format.

4 Applying IceStaBS:SP in Evaluation

To gauge the efficacy of the IceStaBS:SP dataset
as a benchmarking tool for orthography, we per-
formed an evaluation experiment, where various
spell and grammar checkers for Icelandic were ap-
plied on our data and then evaluated statistically.
This serves two purposes.

Firstly, it allows us to evaluate the performance
of these tools on a standardized dataset, which can
be used to compare the tools to each other and,
preferably, to other benchmark sets. Secondly, we
standardize our methods for evaluating correction
tools on our benchmark set. The source code of
our evaluation methods is then made available on
GitHub? for others to use on new tools, as well as
the output of the tools we use in our evaluation.

*https://github.com/
stofnun-arna-magnussonar/IceStabs-eval
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4.1 Tools Evaluated

We intend our dataset to be applicable to any tool
which corrects errors in Icelandic text. With this
in mind, we selected 10 tools and models to test.
These include commercial and open-source soft-
ware, with a broad range of effectiveness, from
state-of-the-art to baseline tools.

Our first focus are tools which can be run pro-
grammatically. These were:

Byte-Level Neural Error Correction Model for
Icelandic (Ingdlfsdoéttir et al., 2023): A fine-tuned
ByT5-base Transformer designed for error correc-
tion in Icelandic text. It functions similarly to a
machine translation model, converting erroneous
Icelandic into correct Icelandic. We evaluate three
versions of this tool, each representing a succes-
sive update: 22-09,23-12,and 24-03.

GreynirCorrect (Oladéttir et al., 2022): A rule-


https://github.com/stofnun-arna-magnussonar/IceStabs-eval
https://github.com/stofnun-arna-magnussonar/IceStabs-eval

based spell and grammar checker for Icelandic.
The tool is based on Greynir (Porsteinsson et al.,
2019), a syntactic parser for Icelandic. We eval-
uate the most recent version of this tool: version
4.0.0.4

Icelandic GPT-SW3 for Spell and Grammar
Checking (Arnardéttir et al., 2024a): A GPT-SW3
(Ekgren et al., 2022, 2024) model, fine-tuned on
Icelandic and particularly on the task of spell and
grammar checking. The experimental setup we
use is identical to the example given in the model’s
HuggingFace repository.”

Skrambi: A closed-source rule-based spell
checker for Icelandic.®

In addition to the tools which can be run pro-
grammatically, we evaluated four ‘manual’ tools,
i.e., tools which are first and foremost accessible
through an end-user platform of some kind. These
were:

Hunspell: An open-source spell checker and
morphological analyzer. The Icelandic language
rules’ for Hunspell are accessible via LibreOffice,
where Hunspell is the standard spell checker.

Google Docs Spelling and Grammar check:
Built-in spell and grammar checker of Google
Docs.?

Microsoft Editor: Built-in spell and grammar
checker of Microsoft Word.®

Ritvilluvornin Puaki: Proprietary spell and gram-
mar checker, specifically for Icelandic text.’

'With this in mind, the total number of tools and in-
dividual correction models we evaluate is 10. Half
of these (5) are developed by Mideind,'” a private
language technology company.

In our evaluation experiment, each tool is given
a simplified label, which we will use to refer to
them in the following sections. An alphabetic
overview of these labels is as follows:

*https://github.com/mideind/
GreynirCorrect
‘https://huggingface.co/mideind/
icelandic—-gpt-sw3-6.7b—-gec/blob/main/
handler.py
6https://skrambi.arnastofnun.is
"https://github.com/nifgraup/
hunspell-is
8Publically available versions as of October 27, 2024.
‘https://puki.is
Ohttps://mideind.is
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1. ByT5 (22-09)
2. ByT5 (23-12)
3. ByT5 (24-03)

4. Google Docs

5. GreynirCorrect
6. Hunspell

7. Ice—-GPT-SW3

8. MS Word

9. Puki

10. Skrambi
4.2

We define three main metrics which can be used to
evaluate the performance of a spell and grammar
checker on our dataset:

Sentence-level accuracy: Direct comparison
between output sentences and standardized ver-
sions. A sentence is considered correct if the out-
put is identical to the standardized sentence.

Token-level Fj 5 score: An F-score metric
modified for spell and grammar correction. Fy 5 is
a weighted average of precision and recall, where
precision is given twice the weight of the recall. It
is included in the ERRANT toolkit (Bryant et al.,
2017) and was used in the CoNLL-2014 shared
task (Ng et al., 2014).

GLEU score: A modified version of the BLEU
score. BLEU is used to evaluate the quality of ma-
chine translation, while GLEU is used to evaluate
the quality of spell and grammar correction. It is
especially well suited for evaluating sequence-to-
sequence models, as it does not rely on error cate-
gories for evaluation (Napoles et al., 2015, 2016).

As the tools we evaluate are technically and
functionally diverse, it may be inferred that a given
metric may suit one tool better than another. This
is up to analysis, but in our overall evaluation
structure, we use all three metrics to evaluate all
tools.

Evaluation Metrics

5 Results

We evaluate the performance of the tools on the
IceStaBS:SP dataset using the three metrics de-
scribed above. The results are shown respectively
in Figures 2, 3, and 4.

5.1 Performance Per Tool

The tool with both the highest proportion of cor-
rect sentences, as shown in Figure 2, and the high-
est Fy 5 score, as shown in Figure 3, is Mideind’s
ByTS5 (23-12) with 46.42% sentence accuracy and
a token-level Fy 5 score of 0.70.


https://github.com/mideind/GreynirCorrect
https://github.com/mideind/GreynirCorrect
https://huggingface.co/mideind/icelandic-gpt-sw3-6.7b-gec/blob/main/handler.py
https://huggingface.co/mideind/icelandic-gpt-sw3-6.7b-gec/blob/main/handler.py
https://huggingface.co/mideind/icelandic-gpt-sw3-6.7b-gec/blob/main/handler.py
https://skrambi.arnastofnun.is
https://github.com/nifgraup/hunspell-is
https://github.com/nifgraup/hunspell-is
https://puki.is
https://mideind.is
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Figure 2: Sentence-level accuracy of the tools
evaluated.
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Figure 3: Token-level Fy 5 scores of the tools eval-
uated.
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Figure 4: Dataset-level GLEU scores of the tools
evaluated.
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One possible limitation of the results described
here is that not all spell-checking software has
equal coverage when it comes to our predefined
rule chapters. In the